Analysis of Performance and Degradation for Lithium Titanate Oxide Batteries by Stroe, Ana-Irina
 
  
 
Aalborg Universitet
Analysis of Performance and Degradation for Lithium Titanate Oxide Batteries
Stroe, Ana-Irina
DOI (link to publication from Publisher):
10.5278/VBN.PHD.ENG.00039
Publication date:
2018
Document Version
Publisher's PDF, also known as Version of record
Link to publication from Aalborg University
Citation for published version (APA):
Stroe, A-I. (2018). Analysis of Performance and Degradation for Lithium Titanate Oxide Batteries. Aalborg
Universitetsforlag. Ph.d.-serien for Det Ingeniør- og Naturvidenskabelige Fakultet, Aalborg Universitet
https://doi.org/10.5278/VBN.PHD.ENG.00039
General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.
            ? Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            ? You may not further distribute the material or use it for any profit-making activity or commercial gain
            ? You may freely distribute the URL identifying the publication in the public portal ?
Take down policy
If you believe that this document breaches copyright please contact us at vbn@aub.aau.dk providing details, and we will remove access to
the work immediately and investigate your claim.
Downloaded from vbn.aau.dk on: December 27, 2020
A
N
A
-IR
IN
A STR
O
E
A
N
A
LYSIS O
F PER
FO
R
M
A
N
C
E A
N
D
 D
EG
R
A
D
ATIO
N
 FO
R
 LITH
IU
M
 TITA
N
ATE O
XID
E B
ATTER
IES
ANALYSIS OF PERFORMANCE AND
DEGRADATION FOR LITHIUM
TITANATE OXIDE BATTERIES
BY
ANA-IRINA STROE
DISSERTATION SUBMITTED 2018
Analysis of Performance and
Degradation for Lithium
Titanate Oxide Batteries
Ph.D. Dissertation
Ana-Irina Stroe
Dissertation submitted February 19, 2018
Dissertation submitted: February 19, 2018
PhD supervisor:  Prof. Remus Teodorescu
   Aalborg University
Assistant PhD supervisor: Assoc. Prof. Maciej Swierczynski
   Aalborg University
PhD committee:  Associate Professor Erik Schaltz
   Department of Energy Technology
   Aalborg University
   Dr. Igor Villareal
   Centro de Investigaciones Technológicas
   IKERLAN
   Professor Torbjørn Thiringer
   Chalmers Tekniska Högskola
PhD Series: Faculty of Engineering and Science, Aalborg University
Department: Department of Energy Technology 
ISSN (online): 2446-1636 
ISBN (online): 978-87-7210-159-0
Published by:
Aalborg University Press
Langagervej 2
DK – 9220 Aalborg Ø
Phone: +45 99407140
aauf@forlag.aau.dk
forlag.aau.dk
© Copyright: Ana-Irina Stroe
Printed in Denmark by Rosendahls, 2018
Abstract
Energy storage (ES) has become a key enabling technology for a wide range
of applications, which includes among others electrical vehicles (EVs) and
smart grids. Various ES technologies are available and they greatly differ in
their operation principle, maturity level, performance behavior, and lifetime
characteristics. However, Lithium-ion (Li-ion) batteries have detached as one
of the very few ES technologies, which meet the requirements of different
applications such as consumer electronics, EVs, grid support, and enhancing
renewable’s grid integration. The Li-ion batteries have continuously devel-
oped in the past years either by improving the already existing chemistries or
by looking into new chemistries; this is also the case of the Lithium Titanate
Oxide (further referred as LTO) based batteries, which use LTO as anode
active material instead of the traditional graphite. LTO-based batteries are
characterized by high power capability during both charging and discharg-
ing (e.g., up to 10 C-rate), high thermal stability, increased safety, and long
lifetime (e.g., up to 15.000 full cycles) at the expense of a low energy density,
which is mainly caused by the low operating voltage (i.e., 2.3V). As LTO is
a quite new Li-ion battery chemistry, its behavior and characteristics are still
not totally understood yet. Therefore, the purpose of this dissertation has
been to push forward the state-of-art knowledge regarding LTO-based Li-ion
batteries.
An extensive experimental laboratory characterization testing procedure
was developed and applied to several 13 Ah LTO-based Li-ion batteries.
Thus, the batteries’ capacity, open circuit voltage, internal resistance, power
capability, and small signal AC impedance were measured over a wide tem-
perature range (i.e., 5◦C to 45◦C) and for various load currents (i.e., from
C/10-rate to 9C). Based on these performance results, models able to predict
the dynamic behavior of the LTO-based battery cells were developed and
experimentally validated. These electrical battery models were built using
results from both electrochemical impedance technique and DC pulse tech-
nique performed under various operating conditions.
The electrical model based on DC pulse technique is able to simulate the
dynamic voltage response of the studied LTO-based Li-ion battery cell and
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was further used to develop a state-of-charge (SOC) estimation algorithm
based on Kalman filters. Nonlinear filters, extended Kalman filter and un-
scented Kalman filter were used for estimating the SOC of LTO-based Li-ion
battery cell upon the voltage response of the battery cell and the model.
The last part of the dissertation was dedicated to the analysis of the degra-
dation behavior of the studied LTO-based battery cells. For this purpose, ac-
celerated calendar and cycle lifetime tests were performed over a period of
three years. The obtained results for the cycle lifetime tests, show an initial
very slow degradation rate, which is interrupted by a sudden decrease in the
battery performance (both capacity and internal resistance). In the case of the
calendar lifetime tests, no degradation of the battery capacity was observed
even after 2.5 years of aging at temperatures higher than 35◦C. The influ-
ence of different stress factors such as temperature, SOC, and load current
on the degradation of the performance parameters was studied and assessed
individually.
Resumé
Energilagring (ES) er nøglen til muliggørelsen af teknologi udvikling til en
bred vifte af applikationer, som blandt andet omfatter elbiler (EV’er) og
smarte net. Forskellige ES teknologier er tilgængelige, og de adskiller sig
meget i deres driftsprincip, modenhedsniveau, præstationsadfærd og levetid-
skarakteristika. Lithium-ion batterier (Li-ion) er imidlertid løsrevet som en af
de meget få ES-teknologier, der opfylder kravene til forskellige applikationer
som forbrugerelektronik, EV’er, netstøtte og forbedring af vedvarendes net
integration. Li-ion-batterierne har løbende udviklet sig i de forløbne år en-
ten ved at forbedre de allerede eksisterende kemikalier eller ved at kigge på
nye kemikalier. Dette gælder også for lithium titanatoxid (også kaldet LTO)-
baserede batterier, som bruger LTO som anode-aktiv materiale i stedet for
den traditionelle grafit. LTO-baserede batterier er kendetegnet ved høj ka-
pacitet under både opladning og afladning (f.eks. Op til 10 C-hastighed), høj
termisk stabilitet, øget sikkerhed og lang levetid (f.eks. op til 15.000 fulde cyk-
lusser) på bekostning af en lav energitæthed, hvilket hovedsageligt skyldes
den lave driftsspænding (dvs. 2.3 V). Da LTO er en helt ny Li-ion batteri
kemi, er dens adfærd og egenskaber stadig ikke helt forstået endnu. Derfor
har formålet med denne afhandling været at drive den nyeste viden frem om
LTO-baserede Li-ion batterier.
En omfattende eksperimentel laboratorie karakterisering testprocedure
blev udviklet og anvendt til flere 13 Ah LTO-baserede Li-ion batterier. Således
blev batteriernes kapacitet, åben kredsløbsspænding, intern modstand, strøm-
forsyning og lille signal AC impedans målt over et bredt temperaturom-
råde (dvs. 5◦C til 45◦C) og for forskellige belastningsstrømme (dvs. fra
C/10-hastighed til 9C). Baseret på disse resultater, blev modeller udviklet
og eksperimentelt valideret til at forudsige den dynamiske opførsel af de
LTO-baserede battericeller. Disse elektriske batterimodeller blev bygget un-
der anvendelse af resultater fra både elektrokemisk impedans teknik og DC
puls teknik udført under forskellige driftsforhold.
Den elektriske model baseret på DC-pulsteknik er i stand til at simulere
det dynamiske spændingsrespons af den studerede LTO-baserede Li-ion bat-
teri celle og blev yderligere brugt til at udvikle en SOC-estimeringsalgoritme
v
baseret på Kalman-filtre. Non-linear filtre, Extended Kalman filter og Un-
scented Kalman filter blev anvendt til estimering af SOC af LTO-baserede
Li-ion battericeller på batteriets spændingsrespons og modellen.
Den sidste del af afhandlingen var dedikeret til analysen af nedbryd-
ningsadfærd hos de studerede LTO-baserede battericeller. Til dette formål
blev der foretaget accelererede kalender- og cyklustidstestprøver over en pe-
riode på tre år. De opnåede resultater for cyklussens levetidstest viser en
initial meget langsom nedbrydningshastighed, som afbrydes af et pludseligt
fald i batteriets ydeevne (både kapacitet og intern modstand). I forbindelse
med kalenderlivstiden blev der ikke observeret nogen nedbrydning af bat-
terikapaciteten selv efter 2.5 års ældning ved temperaturer højere end 35◦C.
Indflydelsen af forskellige stressfaktorer såsom temperatur, SOC og belast-
ningsstrøm på nedbrydningen af præstationsparametrene blev undersøgt og
vurderet individuelt.
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Part I
Summary
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Chapter 1
Introduction
1.1 Background
In recent years, there has been an increasing focus from governments, academia
and industry on the environmental effects of the greenhouse emissions, which
have increased dramatically. Besides different solutions, energy storage was
identified as one of the technologies, which can contribute to a more sustain-
able and environmentally friendly society.
Thus, energy storage systems (ESSs) are becoming essentials in power
markets where they are used to facilitate the use of renewable energy sources,
which can minimize the global warming effects, climate change and pollution
[1–3]. ESSs are capable to provide grid support and to reduce or to fully
remove the variable, intermittent, and not 100% predictable nature of the
renewable energy produced by sustainable energy sources (i.e., wind and PV
power plants) [4–6].
Today, the transportation sector represents almost a quarter of Europe’s
greenhouse gas emissions and is the main contributor to the air pollution in
large urban areas [7]. The development of many large urban areas has signif-
icantly increased the road transportation and by the end of 2014, 70% of all
greenhouse gas emissions from the transportation sector have been emitted
by vehicles [7]. However, the greenhouse gas emissions, such as carbon diox-
ide (CO2), in large urban areas can be reduced by replacing the conventional
vehicles with partial (hybrid electric vehicles (HEVs) and plug-in hybrid elec-
tric vehicles (PHEVs)) or full electric vehicles (EV). As stated in [8], the target
for the transportation sector is to have a reduction of greenhouse emissions
of at least 70% by 2050 with respect to the 2008 level. This ambitious goal can
be reached, as in 2015 the total sales of electric vehicles (EV, PHEV, HEV) has
increased with 70% from 2014 [9]. In 2016, the total sales of electric vehicles
(EV, PHEV, HEV) hit a new record with over 750 thousand sales worldwide,
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where Norway had the highest electric car market share globally, 29%, with
an increase of 6% than in 2015, followed by Netherlands (6.4 %) and Sweden
(3.4%) [9, 10].
Today, among different solutions, electrochemical batteries are the most
promising energy storage technology. In this modern society, the use of
batteries comes in various forms and applications from portable electronics
(watches, mobile phones, laptops) to industrial equipments, transportation
and renewable energy storage systems [3, 5, 11–14]. Each of these applica-
tions has its own requirements that the battery systems has to fulfill, which
may differ significantly from one application to another one.
Nevertheless, electrochemical batteries are still an expensive component
for electric vehicles and renewable energy storage applications. Thus, in or-
der to assess their technical and economical feasibility for such applications,
a very good understanding of their performance and degradation behavior
becomes mandatory.
The battery performance models are able to predict for short term (e.g.,
seconds to hours) the electrical performance of a battery cell according to
internal and external conditions. A precise performance model allows to run
simulations in order to improve the battery cell design and to optimize the
battery size depending of the applications’ requirements. Furthermore, bat-
tery performance models are often used for developing state-of-charge (SOC)
estimation algorithms, which are an important feature of battery manage-
ment systems (BMS), as they indicate the driving range in EV applications,
for example. Fully and hybrid electric vehicles are among the most important
reasons for developing battery performance models and estimation technique
in order to predict the electrical, aging and thermal behavior of the batteries
under different operating conditions (i.e. load, temperatures).
The battery lifetime models are able to predict the long term (i.e., days
to years) degradation behavior of the battery performance parameters (e.g.,
capacity and internal resistance). Development of battery lifetime models has
been a long desired yet challenging goal in battery research and development
for practical applications, as these models can be used for optimal sizing
processes, development of power and energy management strategies and for
economic feasibility studies of a specific application.
Currently, lithium ion (Li-ion) batteries are the most appealing ES tech-
nology for the aforementioned applications, due to their high power and
energy density, fast charge and discharge capability, high efficiency and scal-
ability [2, 3, 12, 15–18]. Among different available Li-ion battery chemistries,
lithium titanate oxide (LTO) has attracted plenty of attention due to its long
lifetime, very high power capability during both charging and discharging
and excellent safety characteristics [12, 19–21]. For example, one of the main
tasks of a battery cell that is used in HEVs is to provide a sufficient amount
of power for acceleration [15]. Therefore, HEV requires battery with high
4
1.2. Research objectives
power and high charge acceptance during regenerative braking in a wide
temperature range, and LTO-based Li-ion battery are proved with their ex-
cellent power performance [12]. Furthermore, in renewable energy storage
applications, batteries are subjected to demanding cycling conditions, and
LTO-based batteries are a very suitable candidate [5].
However, the available scientific literature is focused mainly on improve-
ment of the LTO-based battery chemistry [2, 22–24] and only very few sci-
entific articles are focused on studying their performance and lifetime char-
acteristics [12, 25]. In [12], Farmann et al. have investigated the lifetime be-
havior of an LTO-based battery cell, using the EIS technique without looking
into the evolution of capacity and internal resistance. Therefore, the aim of
this dissertation is to investigate and improve the existing understanding of
the performance and degradation behavior of LTO-based Li-ion battery cells
from the capacity and internal resistance perspective.
1.2 Research objectives
The overall goal of this dissertation has been to push forward the state-of-
art knowledge regarding LTO-based batteries. Thus, the outline of the thesis
follows the specific objectives of this work, which are:
• Electrical characterization and performance. A procedure for the elec-
trical characterization of the LTO-based Li-ion batteries is developed
and applied to the battery cell under study. This procedure allows to
determine the performance of the batteries over a wide temperature and
load current range. Moreover, various characterization tests are applied
in order to identify the essential battery parameters, their behavior and
dependencies. The performance of LTO-based batteries has been eval-
uated at different stages during the battery lifetime (beginning of life)
and at different battery degradation levels. Based on the harvested re-
sults from the characterization tests, electrical circuit models (ECMs)
have been used for predicting the performance behavior of the consid-
ered LTO-based Li-ion batteries. The model allows to predict accurately
the dynamic behavior of the battery independent of the operating con-
ditions. Furthermore, the ECMs are used for battery state-of-charge
estimation.
• State-of-charge of LTO-based Li-ion batteries. The state information
of the batteries has a very important role in practical applications. It
provides the user valuable information regarding the runtime perfor-
mance of the batteries (e.g. when the battery should be charged, when
the battery needs to be replaced, etc.) in different applications. The
5
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focus here is to develop an accurate method for SOC estimation (i.e.,
below 2% error) suitable for LTO-based batteries.
• Degradation of LTO-based Li-ion batteries. The degradation is caus-
ing loss in battery performance over time. Identifying the degradation
behavior in a battery cell is the main and most challenging goal of this
thesis, which requires many resources and it is a time consuming and
a costly process. The LTO-based Li-ion batteries operating in renew-
able energy storage or e-mobility applications are subjected to complex
operating profiles, which involves both periods when the batteries are
cycled or idling. Thus, designing a test matrix for accelerated calendar
and cycling lifetime tests considering different stress factors and stress
levels is developed. Accelerated lifetime tests are considered to decrease
the time required by the battery to reach the EOL and thus become an
attractive solution for observing the LTO-based battery behavior dur-
ing aging in different applications. For the degradation analysis of the
LTO-based Li-ion batteries, both capacity fade and internal resistance
increase (power decrease) were assessed based on the obtained results
from accelerated aging tests.
1.3 Lithium-ion battery cells used in this research
The lithium-ion battery cells used in this work are 13 Ah high-power lithium
titanate oxide battery cell. The lithium titanate oxide (Li4Ti5O12) based bat-
tery, further referred as LTO, used on the anode side lithium titanate oxide
nanocrystals, instead of carbon. This type of batteries are considered to have
the longest life and better performance in terms of safety and charging and
discharging power capability over a wide temperature interval in comparison
with other lithium-ion batteries. The main electrical an thermal parameters
of the considered battery cell, as well the manufacturer’s imposed limits are
summarized in Table 1.1. Due to safety issues, as well as for easily connec-
tion of the power and voltage cables, the LTO-based battery cell were tested
in the laboratory by mounting the cell on a test fixture, which will avoid
changes in the cell volume due to operation with high C-rates and high tem-
peratures. The battery cell, used on this research, wiring on a test fixture is
shown in Fig 1.1 a). Fig 1.1 b) shown the studied battery cell placed inside
the temperature chamber during measurements.
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(a) (b)
Fig. 1.1: a) LTO-based battery cell mounted on a test fixture. b) LTO-based battery cell mounted
on a fixture during measurements
Table 1.1: Characteristics of LTO Li-ion battery based.
Property Value
Nominal capacity 13 Ah
Nominal voltage 2.26 V
Maximum charging voltage 2.9 V
Minimum voltage 1.5 V
Maximum charge current 130 A
Maximum discharge current 130 A
Operating and storage temperature –40◦C to +55◦C
Calendar life 25 years
Cathode Li(NixMnyCoz)O2
Anode Li4Ti5O12
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Chapter 2
Lithium-Ion Batteries
Overview
This chapter presents the state-of-art progress of Li-ion batteries, with the
focus mainly on the LTO-based Li-ion battery chemistry that will be further
investigated in this dissertation. The applications, where Li-ion batteries are
employed, are also stated in this chapter
2.1 Lithium-ion batteries chemistries
Today, Li-ion batteries are the key energy storage solution for consumer ap-
plications and electric vehicles, but also they have experienced a growing
interest in more power-demanding applications, such as renewable energy
storage applications (e.g. grid support or renewable grid integration) and
back-up power supply [11, 26–28]. Their higher gravimetric and volumet-
ric energy and power density, higher cycle lifetime, longer calendar life-
time, lighter weight and intrinsic safety, compared to those of the settled
energy storage technologies (e.g. Lead-acid, Nickel-Metal hybrid (Ni-MH),
Nickel-cadmium (Ni-Cd)) are the reasons for their intensive use in these sec-
tors [3, 12, 16–18]. With the continuous development and improvement of
their performance, Li-ion batteries are also penetrating new markets, such
as aerospace, military and other critical fields [3, 17, 29]. In addition, Li-ion
batteries have no memory effect and no poisonous metals, such as lead, mer-
cury or cadmium [30]. The main disadvantage of lithium batteries is the
higher production costs compared with that of lead-acid, Ni-Cd and Ni-MH
battery packs [30]. A comparison of various electrochemical energy storage
systems in terms of volumetric and gravimetric energy density is illustrated
in Fig. 2.1.
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Fig. 2.1: Comparison of the different battery technologies in terms of volumetric and gravimetric
energy density (based on [31]). Reprinted from Paper [A] with permission of the IEEE, 2018.
As it was stated in paper [A] according to Kim et al., it is expected that
more than 80% of the produced Li-ion batteries to be used in the EV and
renewable energy sectors by 2020 [32]. Nevertheless, even if the cost of Li-ion
batteries is falling down, it is still higher than that of other ES technologies.
According to Blomgren, the Li-ion battery cells cost is $150 per kWh and the
cost of a battery pack is $190 per kWh [11].
A typical Li-ion battery usually has the anode based on graphite, the
cathode based on lithium metal oxide (e.g. LiCoO2, LiMO2, LiNO2 etc.) and
an electrolyte based on Li+ ion salt in organic solvents, paper [A], [3, 13, 26,
33, 34]. Figure 2.2 shows the schematic representation of the Li-ion battery
during discharging and charging. When the battery cell is charged, Li+ ions
migrate across the cathode to the anode through the electrolyte [3, 13, 14, 34];
during the battery discharging, the process is reverse.
The Li-ion battery state-of-art for cathode materials is represented by
lithium cobalt oxide (LiCoO2, LCO), lithium manganese oxide (LiMn2O4,
LMO), lithium nickel oxide (LiNiO2, LNO), lithium iron phospahete(LiFePO4,
LFP), or mixtures that contains an aluminium blend, such as lithium nickel
cobalt aluminium oxide (LiNiCoAlO2, NCA) and lithium nickel manganese
cobalt oxide (LiNiMnCoO2, NMC). Graphite is mostly used as anode mate-
rial [3,19,33,35]. Even though hard carbon, lithium titanate oxide (Li4Ti5O12),
tin or cobalt alloys are also utilized [28].
LCO-based Li-ion battery was the first Li-ion battery type that was de-
veloped and it is characterized by long cycle lifetime and high energy den-
10
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Fig. 2.2: Schematic representation of a typical Li-ion battery (based on [33])
sity. LFP-based Li-ion batteries are considered the battery with the highest
power density, with high charge/discharge capability, and with the lowest
cost among all Li-ion battery cells [3, 30]. Moreover, LFP-based battery is
superior to other Lithium chemistries in terms of thermal and chemical sta-
bility, which gives better safety characteristics [30]. NMC and NCA are the
most used chemistries for EVs due to their high energy density [11]. LTO-
based Li-ion batteries are characterized by long calendar and cycle lifetime,
and are considered the safest Li-ion batteries. The fundamentals of LTO-
based batteries will be briefly presented in section 2.2. Lithium-Sulfur (Li-S)
batteries are an emerging technology, which is characterized by high theo-
retical specific capacity, high energy density and low weight; however, the
short (calendar and cycle) lifetime is their main drawback [28]. Li-Air is an-
other new technology, in very early stage of development, which will gain a
great interest due to its very high theoretical specific energy of 3582 Wh/kg
compared with theoretical specific energy of 387 Wh/kg for a conventional
Li-ion battery (240 Wh/kg already battery cell manufactured) [28]. This high
specific energy density gives to Li-Air batteries the potential to become a
power source for future EVs [30]. In addition, both emerging lithium bat-
teries, Li-Air and Li-S, consist of lithium metal as negative electrode, while
as positive electrode O2, and sulfur is used, respectively. This fact would
render these battery cells cheaper to manufacture compared with the already
used Li-ion battery cells. For a detailed description and comparison of the
different Li-ion battery chemistries, the reader is referred to paper [A].
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2.2 Fundamentals of Lithium Titanate Oxide chem-
istry
LTO is currently one of the best candidates as anode material for Li-ion bat-
tery because of its safety and lifetime properties [36]. LTO material as anode
in combination with various cathode materials, such as LMO, LCO, LFP or
NMC, provide the most promising Li-ion batteries for various applications.
LTO-based Li-ion batteries are using a lithium titanate nanocrystals on
the anode surface, instead of carbon, which makes them faster to charge
compared with other Li-ion batteries [22]. LTO has a spinel framework struc-
ture and has been identified by Ohzuku et al. as a zero-strain insertion ma-
terial since there is no structural change during charge or discharge (inser-
tion/extraction of lithium ions) [36]. The most attractive characteristics of
LTO are its relative flat voltage curve and the excellent cycle life without ca-
pacity fade even after thousands of cycles, as it was shown in paper [I], [37].
Furthermore, Li-ion batteries with LTO anode material do not form a solid
electrolyte interface (SEI) layer, which allows them to operate safely at both
high and low temperatures [22, 37]. Thus, LTO-based Li-ion batteries can
charge even at low temperatures, without the occurrence of lithium plat-
ing [12]. However, LTO-based Li-ion batteries have a reduced energy density,
due to the lower voltage window (1.5 - 2.7 V) compared with other Li-ion
batteries, such as LCO, NCA, NCM LMO-based batteries operating at 2.5 -
4.2 V and LFP-based batteries operating at 2.0 - 3.7 V [38].
Consequently, the characteristics of LTO include: high cycle stability, no
SEI formation, high rate charge and discharge capability, high thermal sta-
bility, operation at low temperature, long-term cycling and long calendar
lifetime [12, 39–41]. All these features make LTO-based Li-ion batteries a
competitive technology for being use in grid storage and e-mobility appli-
cations [5, 42–44]. For example, HEV requires high power and cycle perfor-
mance in a wide temperature range, which makes LTO-based Li-ion batteries
suitable for these EV applications. Suzuki Motor Corporation is using LTO-
based Li-ion battery, manufactured by Toshiba Corporation, in the Wagon R
and Wagon R Stingray compact HEVs due to their fast charging characteris-
tic and long operating lifetime [44]. Mitsubishi Motor Corporation is another
company that uses Li-ion battery employing LTO in the anode, manufactured
by Toshiba Corporation, to power two EV models, the i-MiEV and MINICAB-
MiEV, due to their excellent power performance, especial for their capability
of fast charging [30,43]. Furthermore, Yinlong is using LTO batteries to power
their buses, due to high safety and fast charge (only 6 minutes to fully charge)
characteristics, and for their capability of operating at a wide temperature
range (-50 to 60◦C) [45]. Beside grid storage and e-mobility applications,
paper [B] has investigated and proven the suitability of LTO-based Li-ion
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battery in UPS applications, mainly due to their superior charge/discharge
characteristics, high energy efficiency, long lifetime, low self-discharge and
reduced size (smaller and lighter than VRLA batteries that are already used).
2.3 Applications of Li-ion batteries
Currently, Li-ion battery technology is suitable for a wide area of applications
as shown in Fig. 2.3, and each application has various requirements. Besides
the applications illustrated in Fig. 2.3, Li-ion batteries are also suitable for
residential, aerospace and military applications, due to their long life span,
high power capability, safety and reliability.
Fig. 2.3: Representative applications for Li-ion batteries. Reprinted from Paper [A] with permis-
sion of the IEEE, 2018.
Energy storage capacity, power output and lifetime are key performance
criteria for renewable energy storage applications. These applications can be
divided into energy applications (e.g. peak shaving) and power applications
(e.g. frequency regulation, power quality). Li-ion batteries are a suitable
candidate for a wide variety of renewable energy storage applications, and
the most meaningful of them together with their requirements are explained
in paper [A].
Li-ion batteries have become a choice for e-mobility applications due to
their outstanding performances. Currently, Lithium-based NMC, LMO, LCO,
LFP, NCA, LTO are employed to power the e-mobility applications as shown
in Table 2.1. Moreover, there is a continuous need to improve Li-ion batteries
characteristics in order to extend the duration in which they can be used.
Consequently, it is expected that Li-Silicon, Li-S to be used in e-mobility
applications in 3-10 years and Lithium-magnesium in over 10 years [46].
From Table 2.1, it can be observed that e-mobility applications using LTO-
based Li-ion battery cells for propelling are already on the market since 2012.
The driving range of vehicles that are using LTO-based Li-ion batteries is
13
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between 130 km (Honda) - 160 km (Mitsubitshi i-MiEV). Moreover, Han-
dan bus is using 1000 Yinlong new energy buses with LTO-based batteries,
which covers the main urban area in Handan, Hebei, China. These buses
have a range of 40 - 50 km and the charging time is no longer than 12 min-
utes. At the beginning, this company was used Yinlong new energy buses
with LFP batteries, and they realized that the range during winter is atten-
uated severely, and the battery life and safety does not match with the bus
requirements. In addition, the charging time for the electric bus using LFP
batteries was around two and a half hours [45]. Consequently, due to their
excellent performance in terms of power capability, cycling performance in a
wide temperature range, fast charging and safety, has proved that LTO-based
Li-ion batteries are a promising new power source for HEVs, as well as for
portable electronic devices and grid energy storage systems.
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Table 2.1: The employed Li-ion batteries in e-mobility and renewable energy storage applica-
tions. Based on [11, 38, 45–47] for e-mobility and [5, 33] for renewable energy storage.
Application
Battery
Battery Supplier
Battery Size Vehicle Model /
Year
Chemistry [kWh] Project Name
E-mobility
LMO
AESC and LG Chem 24 (30) Nissan Leaf 2014
LG Chem
16 - 17.1 Chevrolet Volt 2011
22 Renault Zoe 2015
AESC 22 Renault Fluence 2015
NCA Panasonic/Tesla
60 - 100 Tesla model S and X 2015
41.8 Toyota RAV 4 EV 2014
NMC
Samsung/Bosh 22 (33) BMW i3 2014
Panasonic (Sanyo Div.)
24 (35.8) Volkswagen e-Golf 2016
6.4 Mercedes S550 PHEV 2015
Samsung/Bosch
24 Fiat 500e 2015
10.8 Porsche Cayenne SE-Hybrid 2014
9.2 BMW X5 2016
SK Innovation 27 Kia Soul EV 2015
LG Chem
35.5 Ford Focus EV 2015
9.2 Volvo XC90 PHEV 2015
TerraVolt 129 - 321 Proterra Catalyst XR Bus 2014
LFP
A123 19 Chevrolet Spark 2015
Lishen 31 Coda EV 2013
BYD 61.4 BYD E6 2010
LTO
Toshiba
16
Mitsubishi i-MiEV 2014
MINICAB-MiEV 2014
20 Honda Fit EV 2012
Altairnano 53 - 131 Proterra Eco Ride Bus 2012
TerraVolt 53 - 131 Proterra Catalyst FC Bus 2014
Yinlong Handan Bus 2016
LMO 1000 Kensas City Power, US 2012
NMC or NCA 1000
CFN Saskatchewan, Canada
2013
(wind integration)
LFP
A123
100 Lemkær, Denmark (frequency regulation) 2013
8000
Mount Laurel, US
2011
(frequency regulation, ramping)
4000 Los Andes, Chile (frequency regulation) 2009
32000
Tehachapi Wind Energy Storage
2012
(13 applications)
Renewable
BYD 6000
Zhangbei Storage Demo, China
2011
energy storage (time shift, power gradient reduction)
LTO
Altairnano
400 Lemkær, Denmark (frequency regulation) 2013
300
ALTI-ESS, New Jersey, US
2013
(frequency regulation)
250
Waiawa High PV Penetration Circuit, US
2011
(PV smoothing, voltage regulation)
Toshiba 1000 Willenhall,UK (frequency regulation) 2016
Leclanche 76
EPFL/Leclanche, Switzerland
2015(Microgrid Capability, Resiliency)
(Renewables Capacity Firming)
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Chapter 3
Characterization and
Performance Modeling of
LTO-based Li-Ion Battery
Cells
This chapter investigates the performance behavior of LTO-based Li-ion bat-
teries at various operating conditions. For reaching the purpose of this chap-
ter, battery performance models are brought into investigation based on ex-
tensive experimental laboratory measurements. To evaluate the performance
of the LTO-based battery cell, extended laboratory characterization tests are
conducted. The developed performance models are verified using different
load profiles.
3.1 Batteries performance modeling approaches
Li-ion batteries are more and more used in different application such as e-
mobility, smart grids or renewable energy storage, where different goals have
to be accomplished. However, prior to their utilization in industrial applica-
tions, the performance behavior of the battery should be assessed by simu-
lation. Thus, accurate and efficient battery performance models should be
developed. Such models have to predict the performance behavior of the bat-
tery at different temperatures, SOC levels and under various load currents
(i.e., C-rates).
Different approaches for Li-ion battery modeling can be found in the lit-
erature, which are characterized by different accuracy levels, parametriza-
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tion requirements and complexity levels. Depending on their purpose, Li-
ion battery performance models can be classified into electrochemical mod-
els [48–50], mathematical models [51–53] and electrical models. Electrical
models are the most popular approach for system simulation due to their less
computational requirements than electrochemical models and their higher
degree of accuracy than mathematical models [51]. Moreover, electrical mod-
els use lumped-parameter circuit elements (e.g. voltage sources, resistors, ca-
pacitors) in order to predict the performance behavior (e.g., voltage, power)
of the battery.
Electrical models fall under two categories depending on the method used
to parametrize the EEC of the battery: Thevenin-models [12,17,51,54–58] and
impedance-models [15, 16, 59–61]. Thevenin-based electrical models are pa-
rameterized using the DC current pulse technique, while impedance-based
electrical models are parameterized using the electrochemical impedance
spectroscopy (EIS) technique. The accuracy of several configurations of Li-
ion battery electrical models based on either RC networks (e.g., zero-order,
first-order, second-order, third-order, etc.), or based on ZARC elements (par-
allel connection of a resistor and constant phase element (CPE)) can be found
in the literature [12, 15, 51, 60–62]. A better accuracy of the battery perfor-
mance models using RC networks, is obtained by increasing the number of
RC parallel connections [57, 63]. Moreover, electrical models can be found
integrated as systems for various applications (i.e. grid integration, automo-
tive) [17, 42, 53, 64], and can be used in the battery management system for
estimation of the battery states [64, 65].
In this dissertation, the performance model of the studied LTO-based bat-
tery was developed using both the DC pulse technique and the EIS technique.
Both performance models were parameterized based on the results obtained
from of the extended characterization tests, which are presented in the next
section.
3.2 Characterization of LTO-based battery cell
In order to fully parameterize the performance model of the studied LTO-
based battery, extensive laboratory tests are necessary. Therefore, a procedure
to characterize the battery behavior under different conditions (e.g., SOC,
temperature, load current) was developed and applied to a LTO-based bat-
tery cell. The characterization procedure is graphically illustrated in Fig. 3.1.
Preliminary measurements. The first step on the characterization proce-
dure consisted of a precondition test and a relaxation test. The objective of
performing a precondition test was to remove any possible passivisation to
which the battery was subjected to, between the manufacturing time and the
18
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Fig. 3.1: Test procedure for the characterization of LTO based Li-ion batteries at beginning of life
Table 3.1: Charge and discharge capacity value measured during precondition test
Measure Charge capacity Change in charge Discharge capacity Change in discharge
number [Ah] capacity [%] [Ah] capacity [%]
Meas. 1 14.479 0 14.4249 0
Meas. 2 14.459 0.138 14.471 0.316
Meas. 3 14.493 0.096 14.501 0.527
Meas. 4 14.518 0.268 14.512 0.606
Meas. 5 14.528 0.339 14.534 0.754
(a) Charging (b) Discharging
Fig. 3.2: Voltage profiles measured during the preconditioning test
initial tests. Moreover, another purpose of this test, was to observe if the
battery capacity, voltage and temperature are stable.
The preconditioning test was performed at 25◦C and consisted of five
successive charging-discharging cycles following the procedure presented in
Appendix B – Table B.1.
The results of the preconditioning test are summarized in Table 3.1 from
where it is observed that the measured capacity was considered to be stable,
with an overall tendency of only 0.8% increase. The battery cell was con-
sidered ”preconditioned” since its capacity did not change by more than 3%
during two consecutive discharge cycles [66].
Figure 3.2 presents the measured voltage profiles during charging and
discharging. Furthermore, it has to be highlighted that the preconditioning
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test has been applied to all the LTO-based battery cells subjected to the accel-
erated lifetime tests, which will be presented in Section 5.
As part of the preliminary measurements, a relaxation test was also car-
ried out. The objective of this test was to determine the relaxation period
to which the battery should be subjected in order to reach thermodynamic
stability, prior to the measurement of the performance parameters (e.g., ca-
pacity, OCV etc.) [33, 61, 67]. A relaxation period of one hour was found to
be enough for the measurement of the battery capacity, while 15 minutes
were found enough for the measurement of the battery internal resistance
and small-signal AC impedance.
Capacity measurements. The objective of performing a capacity mea-
surement was to determine the dependence of the charged and discharged
capacity of the LTO-based Li-ion battery cell on temperature and on the load
current. Thus, the battery capacity was measured at five different tempera-
tures (5◦C, 15◦C, 25◦C, 35◦C and 45◦C) for different charge-discharge C-rates
(0.25C, 0.5C, 1C, 2C, 3C, 4C, 7C and 9C). The battery capacity was measured
during charging and discharging at the desired temperature and C-rate based
on the procedure summarized in Appendix B – Table B.2.
As it was shown in paper [C], the capacity of LTO-based Li-ion battery
cell is highly dependent on the temperature, as well on the applied C-rate.
The dependence of the LTO-based battery cell’s discharging capacity on the
considered test conditions is illustrated in Fig. 3.3 as a surface plot.
Moreover, the voltage profiles measured on the LTO-battery cell for both
charging and discharging regimes during the capacity measurement at 25◦C
Fig. 3.3: Dependence of the discharged capacity on temperature and load current. Reprinted
from Paper [F] with permission of the IEEE, 2018.
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Fig. 3.4: Voltage profiles measured during the capacity test of LTO-based Li-ion battery cell at
25◦C. Reprinted from Paper [B] with permission of the IEEE, 2018.
test are presented in Fig. 3.4. The voltage profiles measured during the capac-
ity test at the other considered temperatures are presented in Appendix B –
Fig. B.1.
Open-circuit voltage measurements. Similar to most of the LTO-based
Li-ion battery parameters, the OCV is strongly dependent on the operating
conditions, as it varies with the SOC and the temperature. The objective
of performing this test was to obtain the relation between OCV and SOC
for both charging and discharging cases at different temperatures and for
SOCs between 0% and 100%, considering 5% ∆SOC resolution. Accurate
information regarding the relationship between OCV and SOC is required
when voltage-based SOC estimation methods are developed [64].
To obtain the OCV-SOC characteristic, the LTO-based battery was charged
and subsequently discharged following the procedure summarized in Ap-
pendix B – Table B.3.
Figure 3.5 shows the measured OCV-SOC characteristic at 25◦C for both
charging and discharging regimes. Similar results have been obtained for the
other considered temperatures, as presented in in Fig. 3.6. The variation of
OCV characteristic with the temperature and SOC was presented in paper
[C].
For the measured characteristic, it can be observed that independent of
the temperature, OCV values for charging and discharging cases are very
similar with one exception, the value obtained at 0% SOC. At 0% SOC, it has
been found a maximum amplitude of approximately 0.11 V between charg-
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Fig. 3.5: OCV-SOC characteristic of the LTO-based Li-ion battery cell at T=25◦. Reprinted from
Paper [C] with permission of the IEEE, 2018.
(a) T=5◦C (b) T=15◦C
(c) T=35◦C (d) T=45◦C
Fig. 3.6: OCV-SOC characteristic of the LTO-based Li-ion battery cell at a) T=5◦C, b) T=15◦C, c)
T=35◦C, d) T=45◦C.
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ing and discharging curves measured at 25◦C. This gap at 0% SOC may come
from the need of a longer relaxation time. The maximum and average am-
plitude between charging and discharging curves has been calculated with
(3.1) and (3.2) and the obtained results are summarized in Table 3.2. Thus,
for LTO-based Li-ion battery cell no hysteresis effect occurs, as in the case of
LFP battery cell, where the hysteresis effect appears between charging and
discharging curves with the maximum amplitude of 30 mV considering the
SOC between 5 - 95% and 25◦C, as it was stated in paper [B]. The result of no
hysteresis effect occurrence in the OCV-SOC characteristic between charging
and discharging of LTO-based Li-ion battery cells, is in a a good agreement
with the remark reported for a similar battery chemistry by Roscher et al. [68].
maxdeviation = max|OCVch(SOC)−OCVdch(SOC)| (3.1)
meandeviation =
1
n ∑|OCVch(SOC)−OCVdch(SOC)| (3.2)
where OCVch(SOC) and OCVdch(SOC) represents the OCV values obtained
at different SOCs during charging and discharging, respectively, n represents
the number SOC points.
Table 3.2: Deviation of OCV characteristics between charging and discharging.
0 - 100% SOC 5 - 100% SOC
Temperature Max. deviation Mean deviation Max. deviation Mean deviation
[◦C] [mV] [mV] [mV] [mV]
5 8 1.8 7 1.5
15 7 2.3 4 2
25 113 8.8 10 3.6
35 77 9.6 8 6.2
45 48 10.3 11 8.4
Internal resistance measurements. Together with the capacity, the internal
resistance is one of the most important parameters of the battery cells. This,
is because the battery internal resistance is an important parameter for deter-
mining the battery power, the energy efficiency and the thermal (heat) losses
during charging and discharging [69]. To determine the internal resistance
of Li-ion batteries, current pulses with different lengths are proposed in the
literature (e.g., 2s, 10s, 18s, or 20s) [12, 66].
In this work, the internal resistance of the studied LTO-based Li-ion bat-
tery cell was determined using the DC pulse technique for both charging
and discharging cases. As the internal resistance depends non-linearly on
the current, the internal resistance of the LTO-based battery cell was mea-
sured at different C-rates. These C-rates are the ones also used to measure
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Fig. 3.7: LTO-based Li-ion battery voltage response to a discharging current pulse (T=25◦C, SOC
= 50%, 4C).
the capacity of the battery; additionally, the internal resistance was measured
for 0.1C-rate. The measurements were performed using a current pulse of
20 seconds for the 5% - 95% SOC interval with 5% ∆SOC steps, following
the test procedure presented in the Appendix B – Table B.4. Moreover, the
measurements were repeated for the five considered temperatures.
A typical LTO-based Li-ion battery cell voltage response to a discharging
pulse is illustrated in Fig. 3.7. The internal resistance was computed based
on Ohm’s law according to (3.3).
Ri =
∆V
∆I
=
V1 −V0
I
(3.3)
The variation of the internal resistance with the SOC, determined for a
temperature of 25◦C and using a current, I, of 1C (13 A) is presented in
paper [C].
The dependence of the internal resistance, measured for a 1C-rate pulse
on the battery SOC (at different temperatures) and on the temperature (at
different SOCs) is presented in Fig. 3.8 and Fig. 3.9, respectively. As it can
be observed from Fig. 3.8, independent on the operating temperature, the
characteristic of the discharge resistance is relatively flat, except at low (be-
low 20% SOC) and high (over 90% SOC), where it increases exponentially.
The internal resistance increase with the decrease in temperature as it was
expected and in a good agreement with the previous results reported in the
literature for a similar battery chemistry [33, 38]. From Fig. 3.9, it can be ob-
served that the internal resistance has as well an exponential dependence on
temperature.
Pulse Power Capability. Based on the internal resistance measurements,
the pulse power capability (PPC) of the LTO-based Li-ion battery was deter-
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Fig. 3.8: Dependence of the discharging
internal resistance on the SOC.
Fig. 3.9: Dependence of the discharging
internal resistance on the temperature.
mined for the charging and discharging case using (3.4).
PPC = V1
|VOC −V1|
Ri
(3.4)
where Ri represents the internal resistance, PPC represents the pulse power
capability, VOC represents the open-circuit voltage, measured just before the
current pulse, V1 represents the battery voltage at the end of the 18 seconds
pulse.
The variation of the PPC with the SOC, temperature and C-rate was stud-
ied for a fresh LTO battery cell in paper [E]. For example in Fig. 3.10 and
Fig. 3.11 there is presented the variation of the PPC with the SOC for small
and high C-rates, respectively. For both small and high C-rates, the PPC vs.
Fig. 3.10: PPC vs SOC characteristic obtained
for battery cell charging and discharging with
C/10, C/2 and 1C at 25◦C. Republished with
permission of Electrochemical Society,
from Paper [F], 2018.
Fig. 3.11: PPC vs SOC characteristic obtained
for battery cell charging and discharging with
4C, 7C, and 9C at 25◦C. Republished with per-
mission of Electrochemical Society, from Paper
[F], 2018.
25
Chapter 3. Characterization and Performance Modeling of LTO-based Li-Ion Battery
Cells
SOC characteristic follows the same shape for both charging and discharging
cases, for most of the SOC interval; small differences can be observed for
reduced SOCs (usually below 20% SOC), where the PPC tends to decrease
relatively fast due to a big increase in the cell’s internal resistance (which
is visible in Fig. 3.8). It worth mentioning that the maximum PPC that the
LTO-based battery cell can absorb, for an 18 seconds pulse, is 325 W, while
the maximum power which can be provided is 275 W, at similar conditions.
Furthermore, it was shown in paper [E], that the PPC of the cell is not
influenced by the temperature for C-rates up to 3C (i.e., 39 A). However, for
higher C-rates, the dependence of the PPC on the operating temperatures
becomes relatively strong for SOC levels higher than 50%.
Based on these studied dependencies, models able to predict the LTO-
based battery cell’s PPC were developed for low (10%), medium (50%) and
high (90%) SOCs; for details the reader is referred to paper [E].
PPC10 = (−0.1211 · T + 7.299) · Current(0.009671·T+0.5683) (3.5)
PPC50 = (−0.01768 · T + 3.051) · Current(0.002067·T+0.8972) (3.6)
PPC90 = (−0.01396 · T + 3.191) · Current(0.001284·T+0.9236) (3.7)
where, Current [A] represents the battery discharging current, T [◦C] rep-
resents the temperature and PPC10, PPC50, and PPC90 represent the pulse
power capability at 10%, 50%, and 90% SOC, respectively.
AC impedance measurements. The small-signal AC impedance of LTO-
based Li-ion batteries was measured using the electrochemical impedance
spectroscopy (EIS) method [60]. Generally, the AC impedance of the Li-ion
batteries characterizes their dynamic behavior and it varies with SOC, tem-
perature, C-rate and actual battery aging state [42].
The EIS measurement relies on applying a sinusoidal current or voltage
of known amplitude to the battery cell and measuring the amplitude and
the phase shift of the voltage (galvanostatic mode) or current (potentiostatic
mode) response, respectively. The measurement procedure is repeated for a
wide frequency range that allows to obtain the battery impedance spectrum
(also known as Nyquist plot) and thus to observe the occurrence of the elec-
trochemical processes/reactions inside the battery cell. In this dissertation,
the frequency range considered for the impedance measurements is from 6.5
kHz to 10 mHz. The impedance spectrum can be estimated based on the
ration between the amplitude and the phase shift ϕ, as in (3.8).
Z =
U · sin(ωt)
I · sin(ωt− ϕ) (3.8)
where, Z represents the impedance of the LTO-based Li-ion battery cell, U
represents the amplitude of the voltage, I represents the amplitude of the
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Fig. 3.12: Typical Nyquist plot of a Li-ion battery. Republished with permission of Electrochem-
ical Society, from Paper [D], 2018.
current, t is the time, ω is the angular frequency. Moreover, the impedance
can be also separated into real Re(Z) and imaginary parts Im(Z).
The impedance spectrum is often illustrated using Nyquist diagrams,
where the real part of the impedance is plotted along the x-axis while the
imaginary part is plotted on y-axis in the reverse direction as illustrated in
Fig. 3.12 [60, 67].
Most often, the measured impedance spectra reassembles two or three
semicircles, which are associated with electrical parts from the equivalent
electrical circuit (EEC). Thus, the EIS measurements are fitted to an battery
performance model based on EEC, where the parameters are used as features.
The small-signal AC impedance of the LTO-based Li-ion battery was mea-
sured at various temperatures and for the 0% - 100% SOC range with 5%
∆SOC resolution, following the test procedure presented in paper [D] and
summarized in Appendix B – Table B.5. The EIS measurements were per-
formed for the frequency range 6.5 kHz - 10 mHz, considering 8 points per
decade. Similar to the previously investigated battery parameters, the AC
impedance of the LTO-based Li-ion battery cell is dependent on the tempera-
ture and SOC. The influence of the SOC on the impedance spectra measured
at 5◦C and 25◦C is illustrated in Fig. 3.13, while the influence of the temper-
ature at 50% SOC is illustrated in Fig. 3.14.
From Fig. 3.13, it can be observed that the radius of the semicircle in-
creases when the temperature decreases. This effect suggests a decrease of
the charge transfer resistance, with the increase of the SOC. By investigating
the other Nyquist plots, presented in paper [D] (and also in Fig. 3.13 a)), it can
be observed that a second semi-circle appears in the measured impedance
spectrum only at low temperature (i.e., 5◦C). This behavior is caused by
the slow chemical processes at low temperatures that correspond to high
impedance [37]. Furthermore, the ohmic resistance, which can be found at
the intercept of the spectrum with the real axis (Im(Z) = 0), depends only
slightly on the SOC, mainly decreasing with the SOC increase. From Fig. 3.14,
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(a) 5◦C (b) 25◦C
Fig. 3.13: Dependence of the impedance spectra on the SOC at a) T=5◦C, b) T=25◦C. Republished
with permission of Electrochemical Society, from Paper [D], 2018.
Fig. 3.14: Dependence of the impedance spectra on the temperature measured for a SOC of 50%.
Republished with permission of Electrochemical Society, from Paper [D], 2018.
it can be observed that the radius of the semicircle has a notable decrease
when SOC increases.
Furthermore, when the temperature is decreased, the semicircle is moving
towards the right side of the Nyquist plan, which means a rise of the ohmic
resistance. Consequently, it can be concluded that the temperature has a
higher influence than the SOC on the impedance spectrum.
The obtained dependences on SOC and temperature of the LTO-based Li-
ion battery presented in Fig. 3.13 and Fig. 3.14 are in agreement with other
results presented in the literature [12, 42].
In section 3.3.1, these measured impedance spectra will be curve fitted
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and the parameters of the EEC will be extracted and further used for param-
eterizing the impedance-based performance model of the studied LTO-based
Li-ion battery.
3.3 LTO-based batteries performance model
The performance models of LTO-based Li-ion battery should be able to pre-
dict with high accuracy the battery voltage at different operating conditions
(load current, temperature and SOC). Based on the extracted battery parame-
ters presented in section 3.2, performance models developed using two differ-
ent approaches are described. A brief description of the battery performance
models parametrization based on impedance spectroscopy and Thevenin cir-
cuit is given in the followings.
3.3.1 Impedance-based LTO battery performance model
The electric circuit model (ECM) presented in Fig. 3.15 was used to estimate
the static and dynamic performance behavior of the LTO-based battery cell.
The ECM is composed of an EEC, used to predict the dynamic behavior of
the battery cell and a voltage source, used to emulate the OCV of the battery
cell.
Fig. 3.15: Configuration of the performance model based on impedance spectrum used in Paper
[C].
The values obtained during the OCV measurements, presented in sec-
tion 3.2, were used to parameterize the voltage source of the ECM. The
battery EEC, which is composed of a series inductance, a series resistance,
and two ZARC elements, was selected for curve fitting the measured battery
impedance spectra, which were presented in section 3.2. Subsequently, the
values obtained from the curve fitting process were used to parameterize the
EEC. The selection of ZARC elements instead of RC networks was due to
their capability of better fitting the impedance spectra of batteries, which ex-
hibit a non-ideal behavior. For fitting the measured impedance, an optimiza-
tion algorithm based on complex non-linear least square (CNLS) regression
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Fig. 3.16: Measured and fitted impedance spectra of LTO-based Li-ion batteries (T=25◦C;
SOC=50%); the obtained NRMSE value was 1.34%. Reprinted from Paper [C] with permission
of the IEEE, 2018.
has been implemented in Matlab. The suitability of the proposed EEC to fit
the measured impedance spectra of the considered high-power LTO-based
battery cell is illustrated in Fig. 3.16.
The impedance of a CPE, ZCPE is defined as shown in (3.9) and the
impedance of the selected EEC is given in (3.10).
ZCPE(Q, N, ω) =
1
Q(jω)N
(3.9)
ZEEC = jωLs + Rs +
R1
1 + (jω)N1 Q1R1
+
R2
1 + (jω)N2 Q2R2
(3.10)
where Ls and Rs represents the serial inductance and resistance of the bat-
tery, R represents the ZARC network resistance, ω represents the angular
frequency (2π f ), Q is the generalized capacitance and N and is depression
factor, which can vary from 0 to 1, where N = 1 yields the same properties
as an ideal capacitor. The subscripts 1 and 2 in (3.12) corresponds to the
elements of ZARC1 and ZARC2 from Fig. 3.15.
The EEC parameters were extracted for the impedance spectra at all the
considered conditions (see section 3.2) by using the same procedure. During
the EEC parameters’ extraction procedure,it was found out that, for all the
considered test conditions, only Rs, R1, R2, Q1 and Q2 are dependent on
both SOC and temperature, as shown in Fig. 3.17 - Fig. 3.19. Moreover, Ls
was found to be dependent only on temperature and it was kept constant
for all SOC values without affecting the error of the curve fitting process,
while both depression factors are not dependent on the consider operation
conditions, so they were kept constant at 0.7 and 0.65, respectively.
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Fig. 3.17: Variation of ohmic resistance, Rs,
with SOC.
Fig. 3.18: Variation of ohmic resistance, Rs, with
temperature.
(a) R1 (b) R2
(c) Q1 (d) Q2
Fig. 3.19: Dependence of the ZARC parameters a) R1, b) R2, c) Q1, d) Q2 on SOC and tempera-
ture.
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The obtained ohmic resistance, Rs, presented in Fig. 3.18, decreases slightly
(almost linear) with the increase of SOC. This fact is mainly caused by the
change in the ionic conductivity of LTO-based on Li-ion battery [39]. As
expected, Rs is also decreasing with the increase in the battery cell temper-
ature. However, the impact of the temperature on Rs is more pronounced
than of that of the SOC. Farmann et al. [12] observed the same behavior and
they mentioned that this effect is mainly due to the high contribution of the
electrolyte at a different temperature.
In Fig. 3.19 a), the variation of resistance R1 (related to the charge transfer
process) is presented; as one can observe, the values of R1 are exponentially
decreasing with the SOC increase for all considered temperature levels. Ac-
cording to Hang et al. [37], the cathode is the main contributor for decreasing
the R1 when SOC is rising. The resistance R2 (related to the diffusion pro-
cess), presented in Fig. 3.19 b), is increasing with the increase in SOC for tem-
perature higher than 5◦C. At the lowest considered temperature (i.e., 5◦C), it
is difficult to observed the variation of the resistance with the SOC because
the fitted results return some scattered values. Moreover, the generalized ca-
pacitance Q1 is strongly dependent on SOC. For the temperatures between
5◦C and 25◦C, Q1 is exponentially decreasing with the SOC increase, while
for 35◦C and 45◦, is decreasing to SOC less then 30% SOC, respectively 20%
SOC, after that is increasing up to 95% SOC, respectively 90% SOC with a
small deviation at 75% SOC, 80% SOC, respectively. The generalized capac-
itance, Q2, is following a parabolic dependence on SOC for all considered
temperatures.
The dependency of the EEC parameters on the SOC at various tempera-
ture, relative to the value obtained at 50% are presented in paper [D] - Fig. 8
and the results are in agreement with the results presented in the literature
related to the study on another pouch cell [62].
In this dissertation, the accuracy of the curve fitting process was quan-
tified by using the normalized root mean square error (NRMSE), given in
(3.11). The NRMSE is calculated for both real and imaginary part separately,
and the fitting error is given by the mean value. The maximum fitting error
obtained for all impedance plots does not exceed 2.4%.
NRMSE =
√√√√
n
∑
i=1
(Zmeas,i − Z f it,i)2
n
Zmeas,max − Zmeas,min
(3.11)
The estimated battery voltage of the LTO-based Li-ion battery cell using
the ECM presented in (Fig. 3.15) was obtained according to (3.12) by sum-
ming the VOC and the voltage drop across the EEC.
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Vbat = VOC + Ibat · (jωLs + Rs +
R1
1 + (jω)N1 Q1R1
+
R2
1 + (jω)N2 Q2R2
) (3.12)
Fig. 3.20: Implementation diagram of the LTO-based Li-ion battery performance model based
impedance.
Based on (3.12) and considering the dependencies of the battery per-
formance parameters on the considered operating conditions, the proposed
model of the LTO-based Li-ion battery was implemented in Matlab/Simulink
according to the structure presented in Fig. 3.20. The actual SOC of the LTO-
based Li-ion battery cell was computed, based on the initial SOC, by integrat-
ing the cell current, Ibat and is related to the actual battery cell capacity at all
considered conditions, as given in (3.13).
SOC = SOCi −
1
Cmeas
∫
Ibatdt (3.13)
In order to verify the accuracy of the developed LTO-based Li-ion per-
formance battery model, and to validate the characterization procedure, dif-
ferent charge-discharge voltage profiles measured in laboratory conditions
were compared with the voltages estimated by the proposed impedance-
based model.
The estimated results against measured data obtained for different C-rate
pulses at 25◦C during charging and discharging pulses are shown in Fig. 3.21
and Fig. 3.22, respectively. The diagrams presenting the error between the
estimated and measured voltage for both regimes are presented in Fig. 3.23
and Fig. 3.24, where the mean error was computed according to (3.14) and
the maximum relative error was computed according to (3.15).
|ε| = |Vmeas(i)−Vmodel(i)| (3.14)
εmax = max
(
100 · |Vmeas(i)−Vmodel(i)|
Vmeas(i)
)
(3.15)
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Fig. 3.21: Estimation and measured voltage
profiles for charging regime. Reprinted from
Paper [C] with permission of the IEEE, 2018.
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Fig. 3.22: Estimation and measured voltage
profiles for discharging regime. Reprinted from
Paper [C] with permission of the IEEE, 2018.
Fig. 3.23: Distribution of the relative error
obtained during charging pulses.
Fig. 3.24: Distribution of the relative error
obtained during discharging pulses.
The developed and parameterized impedance-based model predicts ac-
curately the performance of the studied LTO-based battery cell with a mean
error below 6.5 mV. This means that a suitable EEC was selected and the
34
3.3. LTO-based batteries performance model
characterization procedure for LTO-based battery cells was validated.
3.3.2 Performance model based on current pulses
As stated in section 3.1, different approaches have been established in order
to predict the behavior of the battery. Therefore, Thevenin-based models are
able to provide the battery SOC and voltage under dynamic load profiles.
These electrical models consist of a voltage source, a series resistance, and
serial configurations of RC elements, from zero up to three parallel RCs.
Moreover, they are suitable for BMS implementation, where they are used
for battery state estimation.
In this dissertation, the current pulse technique was used to develop the
dynamic performance model. Current pulses of different amplitudes from
0.1C-rate to 9C-rate have been applied in the 5% - 95% SOC range considering
various temperatures. A parameterization technique suitable for LTO-based
Li-ion battery has been selected, and then it was applied to the second-order
RC model presented in Fig. 3.25, in order to evaluate the accuracy. Each cir-
cuit element presents a different aspect of the battery cell. Thus, R0 is the
ohmic resistance and it is responsible for the voltage drop when the current
has a sudden change, and R1, C1, R2 and C2 are responsible for the battery
transient response. The first RC connection describes the fast dynamic of
the battery cell, and consist of the charge transfer resistance and the electro-
chemical double layer capacitance, while the second RC connection describe
the slower dynamic, and the elements are more representative for the diffu-
sion process.
Fig. 3.25: Configuration of the dynamic performance model used in Paper [F].
In order to obtain the parameters values for the circuit model, the mea-
surements of hybrid pulse power characterization (HPPC) test has to be sep-
arated for each SOC during charging and discharging. Figure 3.26 shows
the voltage response when 1C-rate current pulse is applied and highlights
the region used for parametrization. In paper [F], the EEC parameters of
the dynamic model illustrated in 3.25 are calculated based on the following
equations.
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Fig. 3.26: LTO-based battery voltage response at 1C-rate discharge pulse
R0 =
∆V
∆I
=
V0 −V1
I
(3.16)
R1 =
∆V1
∆I
=
V1 −V2
I
(3.17)
R2 =
∆V2
∆I
=
V2 −V3
I
(3.18)
τ1 = R1 · C1 (3.19)
τ2 = R2 · C2 (3.20)
where V0 is the OCV, τ1 and τ2 are the time constants of the two RC networks.
The time constants differ by an order of magnitude and are representative for
the fast (τ1) and slow (τ2) transient dynamic of the battery cell.
In the first RC network, the current that charging the C1 and the current
through R1 must be equal according to the Kirchhoff current law.
C1
dV1
dt
+
V1
R1
= 0 (3.21)
V1(t2) = V1(t1)e
t2−t1
R1C1 (3.22)
where t1 and t2 are the starting and ending time for the fast voltage response
of the battery to the current injection, and were considered equal to one and
ten seconds. The voltage V2 is calculated similar and t3 is considered 18
seconds. Knowing the voltages, the time constants and the capacitance can
be calculated as given:
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Fig. 3.27: Dependence of ohmic resistance on
SOC and load current (T=25◦C). Reprinted
from Paper [F] with permission of the
IEEE, 2018.
Fig. 3.28: Identified ohmic resistance, R0, at
various temperatures (1C-rate discharge pulse).
τ1 = −
t2 − t1
ln(V1(t2)V1(t1) )
(3.23)
τ2 = −
t2 − t1
ln(V1(t2)V1(t1) )
(3.24)
C1 =
τ1
R1
(3.25)
C2 =
τ2
R2
(3.26)
Based on this methodology, the EEC parameters have been obtained for
all considered operating conditions. The obtained results at 25◦C are shown
in Fig. 3.27 – Fig. 3.29.
All EEC parameters do vary with SOC. The ohmic resistance, R0, pre-
sented in Fig. 3.27 shows an exponentially decreasing with the SOC increase
that is more accurate for high C-rates, while for low C-rates several scat-
tered values are observed. As it was expected, R0 is also decreasing with
the increase in temperature. In Fig. 3.28, the ohmic resistance obtained for a
1C-rate discharge pulse is presented. Figure 3.29 shows how different battery
parameters R1, R2, C1, C2 change with SOC and C-rates. Resistance R1 shows
a slight exponential decreasing when SOC rises. Resistance R2, presented in
Fig. 3.29 b), is approximately constant for currents higher than 2C over 30% -
95% and change exponential within 5% - 30% caused by electrochemical reac-
tion inside the battery cell. C1 and C2 are following a parabolic dependence
on SOC for all input C-rates. The identified resistance have shown only a
small dependence on the applied discharge currents, and indicates that these
parameters are independent of discharge currents.
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(a) R1 (b) R2
(c) C1 (d) C2
Fig. 3.29: Dependence of the EEC parameters a) R1, b) R2, c) C1, d) C2 on SOC and load current
at 25◦C. Reprinted from Paper [F] with permission of the IEEE, 2018.
After obtaining the required dynamic model parameters and considering
the EEC presented in Fig. 3.25, the battery voltage can be calculated as given
in (3.27).
Vmodel = VOC + I(t)R0 + I(t)R1(1− e
t
τ1 ) + I(t)R2(1− e
t
τ2 ) (3.27)
Based on (3.27) and considering the parameters dependencies, the per-
formance model was implemented in Matlab/Simulink and its structure is
presented in Fig. 3.30.
The accuracy of the dynamic model for LTO-based Li-ion battery cell was
assessed considering the pulse charge-discharge and the dynamic charge-
discharge pulses, as presented in paper [F].
For the first verification case, the comparison between experimental data
and model estimation for 25◦C during charging and discharging current
pulses is presented in Fig. 3.31, and Fig. 3.32, respectively. In paper [F] can
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Fig. 3.30: Implementation diagram of the LTO-based Li-ion battery performance model
Fig. 3.31: Estimation and measured battery
voltage for charging regime. Reprinted from
Paper [F] with permission of the IEEE, 2018.
Fig. 3.32: Estimation and measured battery volt-
age for discharging regime. Reprinted from Pa-
per [F] with permission of the IEEE, 2018.
Fig. 3.33: Estimation error obtained during
charging pulses. Reprinted from Paper [F]
with permission of the IEEE, 2018.
Fig. 3.34: Estimation error obtained during
charging pulses. Reprinted from Paper [F] with
permission of the IEEE, 2018.
be find the results obtained for the other temperatures. The developed model
is able to predict with good accuracy the voltage behavior of the LTO-based
Li-ion battery independent of the temperature.
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Figure 3.33 and Figure 3.34 illustrate the battery voltage estimation er-
ror obtained during charging and discharging pulses at different operating
temperatures. In both cases, the voltage estimation error is below 0.05 V.
Nevertheless, when the battery is fully charged or fully discharged, the es-
timation error increase. This effect is mainly due to the fast changes in the
battery dynamics close to these battery extreme states. In order to overcome
this issue, more parameterization points should be considered in the interval
0 - 10% SOC and 90 - 100% SOC.
For the second verification, the measured and estimated voltage profiles
obtained during dynamic charging-discharging current profile is illustrated
in Fig. 3.35. In this case, the battery was charged and discharged with pulses
of various amplitude at different SOC levels, and the obtained result show a
high accuracy of the developed and parametrized battery model.
Fig. 3.35: Estimation and measured battery voltage for a dynamic charge-discharge profile
(T=25◦C). Reprinted from Paper [F] with permission of the IEEE, 2018.
The presented ECM provides a basic electrical behavior of LTO-based Li-
ion batteries, and it opens the possibility for investigating the battery state
estimation.
3.3.3 Comparative analysis
In this dissertation, two performance models have been developed, one based
on curve fitting impedance spectra and the other one based on current pulses
that were verified using various profiles. As it was shown throughout this
chapter, the models are able to estimate with high accuracy the voltage be-
havior of LTO-based battery cell. The quality of both performance models
was evaluated by computing the coefficient of determination R2 that is de-
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fined as given in (3.28); an R2 parameter closer to 1 denotes a high accuracy
of the model.
R2 = 1−
100
∑
SOC=0
(Vmodel(SOC)−Vmeas(SOC))2
100
∑
SOC=0
(Vmodel(SOC)−Vmeas)2
(3.28)
In order to better evaluate the accuracy of the two performance models,
their output error, obtained at 25◦C and independent of the applied current,
was quantified and summarized in Table 3.3.
Table 3.3: The output error of the EEC based on impedance spectrum and current pulse tech-
nique
EEC based on Profile
Mean error, |ε| Maximum relative error, εmax R2
[mV] [%]
ZARC elements
Pulse charging 4.7 0.13 0.986
Pulse discharging 6.2 0.16 0.99
RC networks
Pulse charging 7.1 0.26 0.982
Pulse discharging 13.8 0.45 0.954
As it can be observed from Table 3.3, a higher accuracy was obtained for
the performance model based on impedance spectra. However, the perfor-
mance model based on impedance measurements has used an EEC based on
ZARC elements, and 8 parameters have been parameterized, while the per-
formance model based on current pulse technique has used an EEC based on
RC networks that required the parametrization of only 6 parameters. More-
over, the impedance-based model requires also more time for laboratory ex-
perimental, as well for analyzing data. Furthermore, it can be concluded that
the proposed characterization procedure for the LTO-based battery cell has
offered accurate parameters for developing and parameterizing both perfor-
mance models.
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Chapter 4
State of Charge Estimation of
LTO-based Batteries
4.1 Overview of Li-ion battery SOC estimation
The battery SOC represents the available capacity and is one of the most
important states that need to be monitored in order to optimize the battery
performance, as well to maximize their lifetime, reliability and safety. The
information of the battery SOC is mandatory in real applications, such as
smart grids and e-mobility (including HEV and PHEV) that require high
technology energy storage systems [70–72].
Li-ion batteries have become a promising power supply for EV applica-
tions due to their advantages in terms of high specific energy, long cycle
lifetime and low self-discharge [19, 73, 74]. The monitoring of the battery
SOC, as well the monitoring of battery parameters (e.g., voltage, current and
temperature), is done by the BMS that uses battery models and algorithms to
determine the battery’s state. Thus, depending on the battery SOC, the BMS
will select the algorithm for charging or discharging current in a selected elec-
trical circuit. Therefore, an accurate SOC estimation can help users to better
know the remaining capacity and improve performance of applications like
for example EVs [38, 70, 73, 75]. In contrast to the other battery parameters,
voltages and currents, the SOC cannot be directly measured and it has to be
obtained by developing a proper estimation method. Therefore, as a critical
and important factor in BMS, SOC estimation has become one of the main
research topic of battery technology in recent years.
In order to get the accurate value of SOC, various approaches have been
proposed and developed in the literature, such as Coulomb counting (Ampere-
hour) method, OCV-based method, impedance spectroscopy-based method,
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estimation based on fuzzy logic and methods of machine learning, and model-
based methods [64, 76–78]. The Coulomb counting method, using the inte-
gration of the battery current over time, is a direct and efficient method for
estimating the battery SOC; however, the method needs prior knowledge of
the initial SOC, otherwise suffers from cumulative errors [79, 80]. Moreover,
the accuracy of Coulomb counting method depends highly on the current
sensors, which are affected by measurement errors [73].
The OCV voltage is also a simple method used for SOC estimation that
is based on the VOC-SOC relationship and has high precision. Neverthe-
less, this method is not very suitable for practical applications because very
long rest time is needed to achieve battery internal equilibrium condition
and subsequently to measure the OCV [81, 82]. Similarly, impedance-based
models use the AC impedance measurement in order to estimate the SOC,
but this method is also less suitable for online implementation [83–85]. Bat-
tery SOC can also be estimated based on fuzzy logic, artificial neuronal net-
works, fuzzy-based neural networks, and support vector machines, with the
drawback of heavy computational burden and poor-real-time performance
[76, 81, 86–88]. These methods treat the battery as a black-box system.
Battery SOC estimation must be accurate and robust, in order to fulfill
the industry applications requirements. Therefore, in order to compensate
the estimation errors and to obtain accurate SOC, model-based methods are
a very effective method for SOC estimation.
Model-based methods are employing adaptive filters and observers to
improve the accuracy of the model, as well to make the estimation possi-
ble when complex models are used. The main purpose of these methods
is to estimate accurately the battery SOC, and they are insensitive to ini-
tial SOC. These models bring the advantages of being closed-loop, wherein
the difference between the modeled and measured battery voltage is used
to correct the SOC. Kalman filter [74, 76, 89–91], H infinity filter [92–94], PI-
observer [95–97], particle filter [98, 99] etc. can ensure good accuracy of SOC
estimation with acceptable computational burden. The general structure of
model-based SOC estimation method is presented in Fig.4.1, where the feed-
back for correcting SOC is based on the difference between the measured
battery voltage by the sensor and the model battery voltage.
The methods presented above were applied and used on various battery
chemistries, as lead-acid, Ni-MH, and Li-ion. There have not been proposed
or demonstrated any SOC estimation methods for LTO-based Li-ion batteries.
A detailed comparison of SOC estimation method, with focus on the methods
based on Kalman filters, particle filter and H infinity filter for LFP battery cell
was summarized in paper [G].
44
4.2. State of charge estimation of LTO-based Li-ion batteries
Fig. 4.1: The structure of the model based SOC estimation.
4.2 State of charge estimation of LTO-based Li-ion
batteries
As described in paper [G], as well as in the previous section, model-based
methods are estimating the SOC with high accuracy. In this dissertation,
the extended Kalman filter (EKF) method was applied and investigated for
the SOC estimation, when considering various temperatures. The electrical
battery model for the LTO-based Li-ion battery presented in Fig. 4.2 and in-
troduced in paper [H] was used as the battery model for the SOC estimation.
Fig. 4.2: Proposed equivalent electrical model used in Paper [H] and model parameters depen-
dencies.
On the left-side, a capacitor (Ccap) and a current-controlled source are
used to model the battery capacity and SOC of the LTO-based Li-ion battery
cell. On the right-side, the RC network simulates the transients response
and the parameterization method has been presented in section 3.3.2 and
introduced in paper [F]. To bridge SOC with OCV, a controlled voltage source
was used, as shown in Fig. 4.2.
The voltages V1 (across to R1C1 network) and V2 (across to R2C2 network),
as well as the battery SOC were considered as the states variables and they
were corrected according to the measured and modeled voltage response of
the battery cell. As illustrated in chapter 3, the obtained OCV curve as func-
tion of SOC for charging and discharging are very similar, thus in paper [H]
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Fig. 4.3: OCV-SOC measurements at T=25◦C.
Reprinted from Paper [H], 2018.
Fig. 4.4: Variation of OCV-SOC with tempera-
ture. Reprinted from Paper [H], 2018.
the average between two curves has been considered to represent the OCV-
SOC relationship. The OCV-SOC is measured from 0-100% SOC with 5%
∆SOC resolution as shown in Fig. 4.3. OCV is dependent as well on tem-
perature, and the variation of OCV-SOC with temperature considering the
average value between charge and discharge regimes is illustrated in Fig. 4.4.
According to the given explanation and based on the EEC for the LTO-
based Li-ion battery presented in Fig. 4.2, the ECM is expressed as :



Vbat = VOC −V1 −V2 − I · R0
Ibat =
V1
R1
+ C1 ·
dV1
dt
Ibat =
V2
R2
+ C2 ·
dV2
dt
(4.1)
Based on (4.1), the state space equations can be written following system
to represent the battery dynamics:
{
ẋ(t) = A · x(t) + B · u(t)
y(t) = C · x(t) + D · u(t) (4.2)
where the state space representation is:
x(t) =


V1
V2
SOC

 A =


−1
R1·C1 0 0
0 −1R2·C2 0
0 0 0

 B =


1
C1
1
C2−1
Ccap


C =
[
−1 −1 ∂VOC∂SOC
]
y(t) = Vbat u(t) = Ibat D = R0
.
(4.3)
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with parameters VOC, R0, R1, C1, R2 and C2 being determined by the nonlin-
ear functions described above. The specific values for the polynomial func-
tion of the OCV-SOC, can be found in paper [H]. In paper [H], the step by
step process of EKF for SOC estimation of LTO-based Li-ion battery cell is
presented. The parameters, R0, R1, C1, R2 and C2 have been estimated by
using the parameterization method presented in paper [F].
As it was stated in paper [H], EKF has proven its capability to estimate the
SOC during a discharge regime, as it presented in Fig. 4.5. The LTO-based
battery cell was discharged with 0.5 C-rate current pulse from a fully charge
state. In order to test the SOC estimation based on EKF method, the initial
SOC was arbitrarily set to 0.7, corresponding to 70% SOC. Moreover, the pro-
posed method is also able to track the real battery voltage while providing
and accurate SOC estimation. At low temperature (5◦C), a mean error (ac-
cording to (3.14)) of 8.3 mV and 0.44% SOC has been obtained, while at 25◦C
has been obtained a mean error of 5.8 mV and 0.54% SOC. Consequently,
the obtained results are considered satisfactorily with respect to the voltage
range of the battery (i.e., 1.5 V - 2.9 V). All the obtained errors between mea-
surement and estimated values of battery voltage and SOC are summarized
in Table 4.1, paper [H].
(a) T=5◦C (b) T=25◦C
Fig. 4.5: Estimation results for EKF starting with fully charged LTO-based Li-ion battery cell
(SOC = 100%).
Table 4.1: Accuracy of the developed model-based EKF SOC estimation method. Paper [H].
Mean error
Temperatures
5◦C 15◦C 25◦C 35◦C 45◦C
SOC [%] 0.4440 0.8422 0.5437 1.1569 1.1422
Voltage [V] 0.0083 0.0087 0.0058 0.0172 0.0144
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Figure 4.6 shows the SOC estimation results for EKF starting as well with
a fully charged LTO-based Li-ion battery cell and considering various initial
SOCs in the EKF algorithm. As it can be observed, the EKF method is able
to converge very fast (up to 100 seconds) to the reference SOC, represented
by retrospectively derived Coulomb counting, when the initial conditions are
not the same with the battery state.
Fig. 4.6: Estimation results for EKF starting with a fully charged battery (T=25◦C). Reprinted
from Paper [H], 2018.
Another method for estimating accurately the SOC of LTO-based battery
cells is based on unscented Kalman filter (UKF). The algorithm of UKF is
summarized from [100].
The estimation results for EKF and UKF for the same pulse discharge
profile obtained at 25◦C, and the mean error of both non-linear filters are
illustrated in Fig. 4.7 and Fig. 4.8, respectively. Moreover, the mean error
obtained between the measured and the estimated SOC, as well the execution
time for both methods are compared in Table 4.2.
Table 4.2: Comparison of the SOC estimation errors and the execution time.
Algorithm
Mean error Average execution time
[%] SOC [ms]
EKF 0.54 0.0145
UKF 0.39 0.0252
The mean error from Table 4.2 indicates that both proposed filter solu-
tions, EKF and UKF, are able to estimate accurately the SOC of LTO-based
Li-ion battery cell. A comparison of the filters according to their compu-
tational requirements was performed by looking at their simulation execu-
tion time. Therefore, the EKF resulted in a faster simulation time than UKF
method.
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Fig. 4.7: Estimation results for EKF and UKF
for LTO-based Li-ion battery cell (T=25◦C).
Fig. 4.8: Absolute error of EKF and UKF
(T=25◦C).
A good correspondence has been developed between the measured LTO-
based Li-ion battery voltage and estimated battery voltage with both model-
based SOC estimation methods. The obtained results are in a good agree-
ment with the previously obtained results by using LFP battery chemistry,
shown in paper [G]. Moreover, it is concluded that the obtained results are in
good agreement with previously research studies on different Li-ion batter-
ies, when considering the cell temperature changes with respect to the room
temperature, as in [78].
4.3 Sensitivity analysis of the estimated SOC and
battery voltage
A sensitivity analysis was performed in order to observe the dependence of
the estimated battery SOC and voltage on the variation of the EEC parameters
with SOC, paper [H]. In order to assess this influence, each parameter of the
EEC was kept constant at a time (average value between the value obtained
for all SOC), while the other parameters were varying with SOC. For this
analysis, the initial SOC of the EKF method was set to be 70%, while the
reference SOC was 100%. The absolute error of SOC and voltage estimation
calculated as presented in paper [H] are illustrate in Fig. 4.9 and Fig. 4.10,
respectively, and the mean errors are summarized in Table 4.3.
It can be observed from Fig. 4.9, that at the beginning, there is a high
error in the SOC estimation; this behavior is due to the fact that the initial
SOC estimation is different from the reference SOC. After the convergence of
the estimated SOC to the reference SOC, the estimated SOC stay close to the
reference, overlapping with small errors in all the studied cases. At 25◦C, the
SOC estimation is most sensitive with the changes in the resistance, R2 and
the capacitance C2 values. Moreover, the battery voltage is more sensitive to
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the variation of the capacitance C2, as illustrated in Fig. 4.9. Thus, keeping
C2 constant will result an increase in the voltage estimation error with 10 mV
in comparison to the case when C2 varies with SOC.
Fig. 4.9: SOC estimation error curves at 25◦C
obtained during sensitivity analysis. Reprinted
from Paper [H], 2018.
Fig. 4.10: SOC estimation error curves at 25◦C
obtained during sensitivity analysis. Reprinted
from Paper [H], 2018.
Table 4.3: Sensitivity analysis of the SOC estimation and battery voltage. Paper [H].
Condition Mean error
Temperatures
5◦C 15◦C 25◦C 35◦C 45◦C
R0 constant
SOC [%] 0.4463 0.8390 0.5420 1.543 1.1442
Voltage [V] 0.0084 0.0088 0.0058 0.0172 0.0144
R1 constant
SOC [%] 0.5166 0.8457 0.5221 1.1738 1.1235
Voltage [V] 0.0083 0.0086 0.0056 0.0171 0.0136
C1 constant
SOC [%] 0.8676 0.8675 0.5790 1.1561 1.2407
Voltage [V] 0.0074 0.009 0.0085 0.0175 0.0161
R2 constant
SOC [%] 0.3637 0.8782 0.6101 1.1755 1.1459
Voltage [V] 0.0086 0.0089 0.0068 0.0169 0.0136
C2 constant
SOC [%] 0.9623 0.8510 0.4341 1.1830 1.2193
Voltage [V] 0.0077 0.0089 0.0054 0.0169 0.0153
When comparing the results summarized in Table 4.1 and Table 4.3, one
can see that in most of the cases a higher estimation error (for both SOC and
voltage) was obtained when the parameters of the EEC were considered not
dependent on SOC. However, even in this case, the SOC estimation error is
below the acceptable error, i.e. 2%, which sometimes is mentioned in the
literature [72, 95].
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Degradation Behavior of
LTO-based Batteries
The lifetime of a Li-ion battery is one of the several challenging factors that
need to be addressed when used in various applications, especially to EVs. It
is very important for automotive companies to have a precise knowledge on
how aging influences different battery cell parameters through the lifetime of
the battery, in order to be able to optimize the battery usage and to extend the
lifetime of the battery cell [101]. Hence, a good understanding of the degra-
dation behavior of the Li-ion batteries is important for the proper battery
sizing for a certain application, for a good design of the energy management
strategy, and especially for economic feasibility studies.
In order to investigate the degradation of the LTO-based Li-ion battery, ex-
tensive laboratory aging tests are necessary. As it was stated in the previous
chapter, LTO-based Li-ion batteries have a very long lifetime (calendar and
aging). Therefore, aging testing of these battery cells at optimal operating
temperature (i.e., close to 25◦C) is extremely time and cost demanding since
their lifetime is in the range of years. Moreover, LTO-based Li-ion batter-
ies show a reduced capacity fade under normal operating conditions [102].
Therefore, in this dissertation accelerated aging tests at different operating
conditions were performed in order to analyze the degradation behavior of
the LTO-based Li-ion battery cells.
Most of the research published in the literature explore the electrochemi-
cal performance improvement of LTO-based Li-ion batteries, as well as under-
standing their performance behavior. Up to now, few studies have analyzed
the degradation and lifetime behavior of LTO-based battery chemistry under
different conditions [12, 25, 41].
In this dissertation, the degradation behavior of the LTO-based Li-ion bat-
tery cell has been evaluated by analyzing the results obtained from extensive
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accelerated lifetime tests.
5.1 Accelerated lifetime tests of LTO-based Li-ion
batteries
Accelerated lifetime tests are interesting for use by both cell manufacturer
and application developers. Accelerated lifetime tests are based on a test
matrix that adequately covers the identified stress factors, which have been
priory analyzed during the normal operation of the battery. The stress levels
for each identified stress factors should be kept in the manufacturer design
limits, in order not to introduce additional aging phenomenon that would
never occur under normal operating conditions [103]. A 5% interval between
the stress level values selected for performing accelerated lifetime tests and
the maximum stress level values allowed by the manufacturer of the battery
cell can be considered [33].
The stress factors specifics for Li-ion batteries are the elevated temper-
atures, cycling at low and high SOCs and high C-rates, and cycle depths.
Moreover, the aging of LTO-based Li-ion batteries depends also on the previ-
ous usage of the battery, since the selected stress factors and the stress levels
do not cause the same degradation at all moments during the lifetime of the
battery.
Usually, the stress factor levels of Li-ion battery cells have a non-linear
effect on the degradation of the cell. Consequently, a minimum of three
stress levels should be applied to a battery cell for a considered stress factor,
in order to be able to interpolate between the considered stress levels and to
extrapolate them to the normal operating conditions [33].
Generally, all rechargeable batteries degrade over time, whether if the
battery is inactive (idling) or used (cycling). Therefore, in this dissertation,
both aging dimensions were considered when performing the laboratory test
based on the designed test matrix. Thus, LTO-based Li-ion battery cells were
tested in accelerated manner considering both calendar aging conditions and
cycling aging conditions. In order to quantify the gradual degradation of
the LTO-based Li-ion battery cell caused by the aging at the different consid-
ered conditions, the battery performance parameters were measured using
a Reference Performance Test (RPT). RPTs were performed at cells’ begin-
ning of life (BOL), before starting the aging accelerated tests, and periodi-
cally thereafter during the accelerated aging test. The RPT procedure used to
measure the performance parameters (i.e. capacity and internal resistance) is
described in section 5.2.
The methodology, used to evaluate and quantify the battery aging, is
based one the accelerated aging tests procedure shown in Fig. 5.1. Initially,
the battery cells were subjected to a preconditioning test that consist of five
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Fig. 5.1: Test procedure for aging evaluation.
consecutive charge-discharge measurements. The obtained results for pre-
condition tests are not considered in the further analyzes. The precondition
test, as shown in section 3.2, is a method to verify that the cells showed a sta-
ble performance in terms of capacity. Following the preconditioning tests, an
initial RPT was conducted for each fresh cell, serving as the complete perfor-
mance characterization at the BOL. The accelerated cycle and calendar aging
tests have been carried out in parallel. Each accelerated cycle and calendar
life test has been performed on two LTO-based Li-ion battery cells, in order
to be able to track cell-to-cell variations under the same conditions. The ag-
ing tests were supposed to be performed until each cell has reached the end
of life (EOL), defined as the point when the battery cell capacity at 1C-rate
has reached 80% of the initial capacity. The experimental set-up used for
performing aging tests is described in Appendix A.
5.1.1 Accelerated calendar lifetime test
The battery cells are aging even if no current is flowing through them. Thus,
accelerated lifetime tests were used to determine the degradation behavior
of LTO-based Li-ion battery cells during the idling conditions. Depending
on the storage temperature and SOC level of the battery cell, the aging effect
is more or less severe. Therefore, a test matrix that includes the aforemen-
tioned stress factors together with three stress levels, has been proposed and
is presented in Table 5.1.
In order to quantify the degradation of the tested LTO-based Li-ion bat-
tery cells, caused by the selected aging conditions, the RPTs were performed
initially at an interval of 30 days, as shown in Fig. 5.1; however due to a very
slow degradation, which was observed after the first RPTs, it was decided
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Table 5.1: Accelerated calendar aging test matrix
Test Case Cell ID
Calendar aging - operating conditions
Temperature [◦C] SOC [%]
TC Calendar 1 Cal1 & Cal2 35 50
TC Calendar 2 Cal3 & Cal4 35 100
TC Calendar 3 Cal5 & Cal6 45 10
TC Calendar 4 Cal7 & Cal8 45 50
TC Calendar 5 Cal9 & Cal10 45 100
TC Calendar 6 Cal11 & Cal12 55 10
TC Calendar 7 Cal13 & Cal14 55 100
to extend the period between two RPTs to 60 days. The LTO-based Li-ion
battery cells were stored at open circuit voltage, as illustrated in Fig. 5.2. The
obtained degradation results are presented and analyzed in section 5.3.
Fig. 5.2: LTO-based Li-ion battery cell stored in the temperature chamber during accelerated
calendar lifetime tests.
5.1.2 Accelerated cycling lifetime test
Accelerated cycling lifetime test were performed in order to determine the
degradation behavior of the LTO-based Li-ion battery cells for cycling un-
der different conditions. The stress factors that are influencing the cycling
lifetime of LTO-based Li-ion batteries are: the temperature, the cycle depth
(Cdepth), the charging/discharging C-rate and the SOC level. For all cycle
aging conditions a middle SOC level (50% SOC) was considered, while the
stress levels for the other stress factors were varied as summarized in Ta-
ble 5.2.
During the cycling test, the LTO-based Li-ion battery cells also were placed
inside various temperature chambers in order to allow for a desired stable
54
5.2. Reference performance test
Table 5.2: Accelerated cycling aging test matrix
Test Case Cell ID
Cycling aging - operating conditions
Temperature [◦C] Cycle Depth [%] Charging/Discharging current
TC Cycling 1 Cyc1 & Cyc2 50 10 2C/2C
TC Cycling 2 Cyc3 & Cyc4 50 50 1C/1C
TC Cycling 3 Cyc5 & Cyc6 50 50 2C/2C
TC Cycling 4 Cyc7 & Cyc8 42.5 10 2C/2C
TC Cycling 5 Cyc9 & Cyc10 42.5 30 2C/2C
TC Cycling 6 Cyc11 & Cyc12 42.5 50 1C/1C
TC Cycling 7 Cyc13 & Cyc14 42.5 50 2C/2C
TC Cycling 8 Cyc15 & Cyc16 42.5 50 3C/3C
TC Cycling 9 Cyc17 & Cyc18 42.5 80 2C/2C
TC Cycling 10 Cyc19 & Cyc20 35 50 2C/2C
TC Cycling 11 Cyc21 & Cyc22 35 50 3C/3C
TC Cycling 12 Cyc23 & Cyc24 35 80 2C/2C
temperature. In the case of cycle aging, the temperature values presented
in Table 5.2, represents the battery temperature, measured on the middle of
the cell by using a K-type 100 thermocouple (Fig. A.1), and not the climatic
chamber temperature set point. As shown in Fig. 5.1 and similar to the ac-
celerated calendar lifetime tests, check-ups of the performance parameters
were performed at the BOL and periodically after a predefined number of
full equivalent cycles (FEC) has been achieved.
Fig. 5.3: LTO-based Li-ion battery cells placed in a temperature chamber during accelerated
cycling lifetime tests.
5.2 Reference performance test
RPTs have been performed periodically during the accelerated aging test, as
it was shown in this section and illustrated in Fig. 5.1. The results of these
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check-ups have provided the evolution of the battery capacity and internal
resistance characteristics over the LTO-based Li-ion battery life. All the RPTs
have been performed at a temperature of 25◦C and at predefined intervals,
depending on the test (calendar or cycle). As it was mentioned before, every
30th/60th day a RPT was performed for the battery cells during the calendar
aging test, and every 5200 Ah-throughput/200 FEC during the cycle aging
test. As it was stated in paper [I], in the case of cycle aging tests, the RPTs
were initially performed, after 100 FEC (2600 Ah-throughput); nevertheless
only a very slow degradation has been observed after each 100 FEC. There-
fore, the period of performing RPTs during cycle aging test has been doubled.
Fig. 5.4: Current train pulse profile for measuring the internal resistance of LTO-based battery
cell. Reprinted from Paper [I], 2018.
The measurements performed during an RPT, are described as following:
• Capacity check-up. The battery capacity of each LTO-based battery
cell, was determined following the standard charging-discharging pro-
cedure for a current of 13 A, which corresponds to 1C-rate.
• Internal resistance check-up. The internal resistance of the LTO-based
battery cell was measured using the DC pulse technique at various SOC
levels and considering the current pulse train illustrated in Fig. 5.4. The
DC pulses were applied during both charging and discharging with
±3C, ±2C, ±1C and ±0.5C. The internal resistance has been measured
during even weeks between 20 - 80% SOC considering 20% ∆SOC reso-
lution, while during odd weeks between 30 - 90% SOC considering 20%
∆ SOC resolution. So, information about the internal resistance increase
over the whole SOC interval would be available. It is to be noted, that
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the battery cell is first fully charged to 100% SOC, and after that the
internal resistance check-up procedure is started.
Besides the measurements presented above, the RPT performed at BOL
and EOL includes as well the OCV check-up measurements.
The voltage and current profile measured on one LTO-based battery cell
during the RPT is presented in Fig. 5.5, and the RPT procedure during an
even week is summarized in the following:
Fig. 5.5: Reference test procedure for aging evaluation.
1. Fully charge the battery cell following the CC-CV pattern by applying
a 1 C-rate current pulse and maximum cell voltage. The battery was
considered fully charge when the current has reached 4% of the battery
nominal capacity;
2. Fully discharging the battery cell by applying a 1 C-rate current until
the cut-of voltage (i.e. 1.5 V) was achieved;
3. Fully charge the battery cell through CC-CV pattern until the current
has reached 4% of the battery nominal capacity;
4. Fully discharging the battery cell by applying a 1 C-rate current until
the cut-of voltage (i.e. 1.5 V) was achieved;
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5. Fully charge the battery cell through CC-CV pattern until the current
has reached 4% of the battery nominal capacity;
6. Discharge the battery cell by applying a 1 C-rate current until 80% SOC;
7. Internal resistance measurement of the LTO-based Li-ion battery cell at
80% SOC by applying the current profile illustrated in Fig. 5.4;
8. Impedance measurement of the LTO-based Li-ion battery cell at 80%
SOC;
9. Discharge the battery cell by applying a 1 C-rate current until 60% SOC;
10. Internal resistance measurement of the LTO-based Li-ion battery cell at
60% SOC by applying the current profile illustrated in Fig. 5.4;
11. Impedance measurement of the LTO-based Li-ion battery cell at 60%
SOC;
12. Discharge the battery cell by applying a 1 C-rate current until 40% SOC;
13. Internal resistance measurement of the LTO-based Li-ion battery cell at
40% SOC by applying the current profile illustrated in Fig. 5.4;
14. Impedance measurement of the LTO-based Li-ion battery cell at 40%
SOC;
15. Discharge the battery cell by applying a 1 C-rate current until 20% SOC;
16. Internal resistance measurement of the LTO-based Li-ion battery cell at
20% SOC by applying the current profile illustrated in Fig. 5.4;
17. Impedance measurement of the LTO-based Li-ion battery cell at 20%
SOC;
18. Fully discharge the LTO-based battery cell by applying 1C-rate current,
in order to prepare it for a new sequence of accelerated cycling aging.
Each step of the RPT procedure is followed by 15 minutes rest period of
the battery cell. During the HPPC, each pulse is 18 s in duration and followed
by 15 minutes rest.
5.3 Results of the accelerated lifetime tests
Among several parameters tracked during the RPTs, the aging behavior of
the LTO-based Li-ion battery is evaluated in terms of the capacity fade and
the internal resistance increase. In this dissertation, beside tracking the ca-
pacity fade and the internal resistance increase, the effect of the considered
stress factors on the degradation of the battery performance parameters is
also analyzed.
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5.3.1 Accelerated cycle aging results
The obtained results during the accelerated cycling lifetime tests are shown
based on the matrix presented in Table 5.3, where the last column represents
the FECs to which the battery cells have been subjected. The highlighted
rows of the table, are showing that accelerated aging tests performed at TC
Cycling 2 and TC Cycling 3 conditions were stopped after 3500 and 4500
FEC, respectively, as the cell reached more than 20% capacity fade. The cycle
aging tests at 35◦C mentioned in Table 5.2, have not been performed due to
the slow degradation obtained at higher temperatures (as it will be shown in
the followings).
Table 5.3: Accelerated cycling aging conditions and the corresponding number of cycles to which
the LTO-based batteries were subjected. Paper [I].
Test Case
Cycling aging - operating conditions
Number of cycles
Temperature Cycle Depth Charging/Discharging current
TC Cycling 1 50◦C 10 % 2C/2C 6200 FEC
TC Cycling 2 50◦C 50 % 1C/1C 3500 FEC
TC Cycling 3 50◦C 50 % 2C/2C 4500 FEC
TC Cycling 4 42.5◦C 10% 2C/2C 7400 FEC
TC Cycling 5 42.5◦C 30% 2C/2C 7000 FEC
TC Cycling 6 42.5◦C 50% 1C/1C 4100 FEC
TC Cycling 7 42.5◦C 50% 2C/2C 6000 FEC
TC Cycling 8 42.5◦C 50% 3C/3C 8700 FEC
Capacity fade
The measured battery capacity during the aging tests was related to the
capacity measured at the BOL, and computed as given:
Capacity[%] =
Capacityactual
CapacityBOL
· 100% (5.1)
where the Capacityactual [Ah] is the actual battery capacity measured during
the RPT and CapacityBOL[Ah]
In this dissertation, the EOL for the LTO-based Li-ion cells is defined as
the number of FEC when a 20% capacity fade was reached.
Figure 5.6 presents the measured capacity fade of the two tested LTO-
based Li-ion battery cells during aging at TC Cycling 3 conditions. As it can
be observed, a very similar degradation behavior was obtained for both cells.
Thus, for further analyzes, the average between the capacity fade obtained for
both tested cells at the same conditions is used. Initially, a very slow capacity
degradation was observed (practically, no capacity fade during the first 2800
FECs); nevertheless, the capacity started to fade fast, and after another 1200
FECs, the cells reached the EOL criterion (i.e. 20% capacity fade). The same
degradation behavior has been observed during the rest of test cases, so at the
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beginning the capacity is rising and after a certain FEC, it is starts to decrease
following different trends depending on the considered aging conditions.
Fig. 5.6: Capacity fade of the LTO-based Li-ion battery cells during TC Cycling 3.
As shown in paper [I], the capacity fade characteristic of the LTO-based
battery cell is dependent on the number of cycles, the cycle depth, C-rate and
temperature. All those dependencies are presented in Fig. 5.7.
As it can be observed in Fig. 5.7 a), the capacity fade is accelerated by
decreasing the cycling C-rate from 3C to 1C when the batteries were aged
at 42.5◦C. In Fig. 5.7 b), a similar behavior was observed, for a cycling tem-
peratures of 50◦C. After approximately 3000 cycles, the capacity of the LTO-
battery cell, measured during accelerated cycling test at 1C, has decreased to
80.48%, while the capacity measured at 2C was able to withstand more than
4000 FEC until the same capacity fade was reached. A similar dependence
of the capacity fade on the cycling C-rate has been reported in [104] for a
LFP-based battery cell.
For all five investigated cases, the capacity fades follow a three-stage
degradation trend as follow:
• Stage 1: The capacity of the LTO-based Li-ion battery cell has increased
independent on the accelerated cycling conditions;
• Stage 2: The capacity of the LTO-based Li-ion battery cell started to
slowly decrease until an inflection point was reached.
• Stage 3: The capacity of the LTO-based Li-ion battery cell started to de-
crease faster, towards the EOL criterion.
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(a) 42.5◦C; 50% Cdepth (b) 50◦C; 50% Cdepth
(c) 42.5◦C; 2C/2C (d) 50◦C; 2C/2C
(e) 50%Cdepth; 2C/2C
Fig. 5.7: Capacity fade of the LTO-based Li-ion battery cells during various accelerated aging
conditions a) T=42.5◦C and Cdepth=50%, b) T=50◦C Cdepth=50%, c) T=42.5◦C and 2C charging-
2C discharging, d) T=50◦C and 2C charging-2C discharging, e) Cdepth=50% and 2C charging-2C
discharging. Reprinted from Paper [I], 2018.
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The inflection point, that appears at the transition between Stage 2 and
Stage 3, suggests a change in the dominant aging mechanism of the battery
cell, and it is known as the ’aging knee’ [105].
Figures 5.7 c) and 5.7 d), show the influence of the Cdepth on the capacity
fade of LTO-based battery cell. The obtained results indicate that the LTO-
based Li-ion battery cell tested at 10% Cdepth degrades faster than when tested
at 50% Cdepth during the initial phase of the aging tests. Nevertheless, when
the battery cells reached 4% capacity fade just after 3000 FEC (50◦C), 3600
(42.5◦C), respectively, an acceleration of the capacity fade with the increase
of Cdepth is observed. This obtained behavior of the LTO-based Li-ion battery
cell is in a good agreement with results reported in the literature for other
Li-ion battery chemistries.
The dependence of the capacity fade on the cycling temperature is illus-
trated in Fig. 5.7 e) for the case when the batteries were cycled with 2C-rate
and a 50% Cdepth. As expected, a higher temperature has resulted into a faster
capacity fade.
As it is presented in Fig. 5.7, the tested LTO-based Li-ion battery cells
show a very long lifetime. For example, after more than 8000 FEC, the battery
cell cycled at a 3C-rate and at 42.5◦C shows only 10% capacity fade.
The capacity fade values expressed in %, which were obtained for all cycle
aging tests, are summarized in Table 5.4.
Internal resistance increase
In order to evaluate, the increase of the internal resistance of the LTO-
based Li-ion battery cells, the internal resistance was measured at different
SOC levels according to the RPT procedure described in section 5.2. For
determining the degradation in terms of the internal resistance, which was
caused by aging at various conditions, presented in Table 5.3, the internal
resistance increase, IRincrease, of a battery cell was calculated as given in (5.2).
IRincrease[%] =
IRactual
IRBOL
· 100% (5.2)
where IRactual [Ω] is the actual battery capacity measured during the RPT and
IRBOL[Ω] represents the internal resistance measured at the cell’s BOL. The
internal resistance was calculated as the ration between the change in voltage
(from the initial OCV and the voltage at the end of the 18 seconds pulse) and
the applied current pulse, according to (3.3).
The obtained internal resistance increase for TC Cycling 8 aging condi-
tions are presented in Fig. 5.8 for the cases when the battery cells internal
resistance was measured during the RPT at different SOC levels. As one
can observe, very similar aging trends have been obtained independently on
the considered SOC level. The internal resistance increase varies between
SOCs with less than 10% at all aging levels (FECs). Thus for further analysis,
62
5.3. Results of the accelerated lifetime tests
Fig. 5.8: Internal resistance increase of the LTO-based Li-ion battery cell at various SOC during
TC Cycling 8.
the internal resistance increase obtained at 60%SOC was considered, as also
mentioned in paper [I].
In Fig. 5.9, there are presented the internal resistance increase trends for
the 8 accelerated cycling tests and their dependence on the number of FEC,
C-rate, Cdepth and temperature.
As illustrated in Fig. 5.9, the increase of the internal resistance of the LTO-
based Li-ion battery cells is rather limited for the considered cycling aging
conditions and was discussed in paper [I]. Similar with the C-rate effect on
the capacity fade, the internal resistance showed also a faster degradation for
smaller C-rates, i.e. 1C (Figures 5.9 a) and 5.9 b)). Moreover, as it was ex-
pected, the internal resistance increases faster when the battery cell is cycled
at higher temperature (i.e. 50◦C) than at lower temperature (Fig. 5.9 a)).
The internal resistance increase expressed in percentage for all the consid-
ered LTO-based Li-ion battery cycling aging tests are presented in Table 5.4.
Table 5.4: Capacity fade and internal resistance for the tested LTO-based Li-ion battery cells.
Cell ID FEC Capacity IRincrease Cell ID FEC Capacity IRincrease
TC Cycling 1 6200 FEC 93.48% 122.90% TC Cycling 5 7000 FEC 94.75% 111.5%
TC Cycling 2 3500 FEC 39.74% 377.28 TC Cycling 6 4100 FEC 92.63% 114.24%
TC Cycling 3 4500 FEC 58.93% 263.1% TC Cycling 7 6000 FEC 89.98% 118.97%
TC Cycling 4 7400 FEC 93.03% 119.59% TC Cycling 8 8700 FEC 87.36% 159.22%
Table 5.4 shows the capacity fade and the internal resistance increase val-
ues for the tested LTO-based Li-ion battery cells. As it was mentioned above
and in paper [I], the cells that has been aged under TC Cycling 2 and TC
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(a) 42.5◦C; 50% Cdepth (b) 50◦C; 50% Cdepth
(c) 42.5◦C; 2C/2C (d) 50◦C; 2C/2C
(e) 50%Cdepth; 2C/2C
Fig. 5.9: Internal resistance increase of the LTO-based Li-ion battery cells during various accel-
erated aging conditions a) T=42.5◦C and Cdepth=50%, b) T=50◦C Cdepth=50%, c) T=42.5◦C and
2C charging-2C discharging, d) T=50◦C and 2C charging-2C discharging, e) Cdepth=50% and 2C
charging-2C discharging. Reprinted from [I], 2018.
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Cycling 3 operating conditions were stopped after 3500 FEC, 4500 FEC, re-
spectively, due to a drastically degradation in terms of capacity fade.
As it can be observed from Table 5.4, the LTO-based Li-ion battery cell
indicates a very slow degradation even if they have been cycled at temper-
atures above 40◦C. The tested battery cells are able to withstand up to 8000
FEC without losing more than 10% capacity and an increase of 50% in the in-
ternal resistance. The obtained values are below the EOL criterion considered
in nowadays applications.
Furthermore, it was observed that the highest resistance increases and the
highest capacity fade occurs for the battery cells cycled with at 50◦C with 1C
charge-1C discharge and a cycle depth of 50%.
5.3.2 Accelerated calendar aging results
Accelerated calendar lifetime tests were performed on the LTO-based Li-ion
battery cells at the conditions summarized in Table 5.1, in order to determine
the degradation behavior of these cells during idling operation. Similar to
the case of the cycle aging tests, the evolution of the capacity and of internal
resistance during aging and their dependence on the considered stress factors
and levels was investigated.
As it can be observed in Table 5.5, not all the cells were tested for the
same period of time. This issue was caused by the fact that the cells tested at
very high temperature (i.e., 55◦C) started to bulge severely and were removed
from testing.
Table 5.5: Accelerated calendar aging conditions and the corresponding storage time to which
the LTO-based batteries were subjected.
Test Case
Calendar aging - operating conditions
Storage time
Temperature SOC
TC Calendar 1 35◦C 50 %
926 days
TC Calendar 2 35◦C 100 %
TC Calendar 3 45◦C 10 %
TC Calendar 4 45◦C 50%
TC Calendar 5 45◦C 100%
TC Calendar 6 55◦C 10% 721 days
TC Calendar 7 55◦C 100% 586 days
Capacity fade
The capacity fade of the LTO-based Li-ion battery cells was computed
according to (5.1). However, during the considered testing period, which
varied from 586 to 926 days, very reduced capacity fade was obtained, if
any. For example, the capacity fade of the cells aged at 55◦C and 100% SOC,
which are considered to be the most demanding conditions, are presented in
Fig. 5.10.
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Fig. 5.10: Capacity evolution of the LTO-based Li-ion batteries aged at TC Calendar 7.
As one can observe, even after more than one year and a half of testing at
high temperature (i.e., 55◦C), the capacity of the cells did not decrease below
the values measured at BOL (except a very short period, at the beginning
of the test). These results are in good agreement with the results presented
in [25], where after 5 months of calendar aging at 45◦C, no capacity fade was
observed on LTO-based battery cells. Therefore, the degradation behavior
in terms of capacity fade of the LTO-based Li-ion battery cells, which were
subjected to accelerated calendar lifetime tests, will not be further analyzed.
Internal resistance increase
The internal resistance increase of the tested LTO-based battery cells aged
at the conditions summarized in Table 5.1, were computed according to (5.2).
Similar to the case of the accelerated cycling ageing tests, the analyzed inter-
nal resistance is the one measured at 60% SOC during a 1C-rate, discharge
current pulse.
The internal resistance increase due to calendar aging at 55◦C and differ-
ent SOC levels is illustrated in Fig. 5.11. The obtained results show an accel-
eration of the internal resistance increase with increasing the SOC at which
the cells are stored. This trend could not be verified for another LTO-based
battery cell due to lack of available scientific literature; nevertheless, the ob-
tained results are in good agreement with the results obtained for other Li-ion
chemistries [33, 106].
The dependence of the internal resistance increase on the storage temper-
ature is presented in Fig. 5.12 for the LTO-based cells stored at 100% SOC and
three temperatures. During the first 500 days of calendar aging, an expected
trend was observed, i.e., faster internal resistance increase for cells stored at
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Fig. 5.11: Internal resistance of the LTO-based Li-ion battery cells at various SOC (T = 55◦C).
Fig. 5.12: Internal resistance of the LTO-based Li-ion battery cells at various temperatures (SOC
= 100%).
higher temperatures, which is in good agreement with results reported in lit-
erature for other Li-ion chemistries [106, 107]. However, after this point was
reached, the internal resistance of the cells stored at 35◦C started to increase
faster than the resistance of cells stored at 45◦C; nevertheless, after 900 days
of calendar aging, the behavior is reversed.
As shown in Fig. 5.11 and Fig. 5.12, independent on the calendar aging
condition, only a reduced increase of the internal resistance was obtained
even though the LTO-based battery cells were subjected to demanding testing
conditions (e.g., 2.5 years of storage at 45◦C and 100% SOC). Furthermore,
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considering also the capacity evolution, presented in Fig. 5.10, a very long
calendar lifetime of the tested LTO-based Li-ion battery cells is expected.
Based on the results presented throughout this chapter, which showed a
very slow degradation, it can be concluded that the tested LTO-based battery
cells are characterized by a very long calendar and cycle lifetime. Indeed
these results suggest that the LTO-based battery cells are suitable for sta-
tionary applications, where a long calendar and cycle lifetime is required.
Furthermore, the LTO-based battery are not the chemistry too chose for pow-
ering personals EVs (where they face a strong competition from NMC and
NCA chemistry), but definitely based on the obtained degradation results
they are suitable for e-buses, where they are subjected to a huge number of
charging-discharging cycles, sometimes at a high C-rate.
68
Chapter 6
Conclusion
In this dissertation, issues related to LTO-based Li-ion battery characteriza-
tion, performance, and degradation have been investigated. The research
work was carried out on a commercial available high-power LTO-based bat-
tery pouch cell. Throughout the dissertation, LTO-based battery cells have
been intensively tested in laboratory at various conditions based on perfor-
mance and accelerated lifetime test procedures.
Electrical characterization and performance. For characterization, a full elec-
trical procedure was developed and applied in the laboratory to several 13
Ah LTO-based Li-ion batteries. The experimental testing was widely used
to characterize the cell. Thus, the batteries’ capacity, open circuit voltage,
internal resistance, power capability, and small signal AC impedance were
measured over a wide temperature range (i.e., 5◦ C to 45◦ C), SOC levels
(i.e. from 0 to 100% considering a 5% ∆ SOC) and for various load currents
(i.e., from C/10-rate to 9C-rate). Measurements at the mentioned operating
conditions were performed for both charging and discharging modes. Based
on the obtained results, models able to predict the dynamic behavior of the
LTO-based battery cells were developed and experimentally validated. The
dynamic models were built using results from both EIS technique and DC
pulse technique. The electrical circuit model has been used for analyzing the
EIS data, for various temperatures and SOC levels, in order to get a deeper
understanding on the battery sensitivity to those operating conditions. The
purpose of using these two techniques was to verify that the established elec-
trical circuit models are applicable for LTO-based battery cells. Furthermore,
the parametrization of the dynamic model based on DC-current pulse tech-
nique was carried out, and the obtained results were verified by using two
different load profiles. The verification show a good accuracy for all the con-
sidered working conditions. It is indicated that for validating the models,
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extensive laboratory tests are still needed. Analyzing the obtained results
from both performance models, a higher accuracy is obtained for the perfor-
mance model, which was parameterized based on the EIS technique, where a
maximum relative error of 0.13% and 0.16% was achieved during pulse charg-
ing and discharging, respectively. The maximum relative error achieved for
the performance model parameterized based on current pulses is higher than
twice the error obtained previously. The quality of both performance models
was evaluated by computing the coefficient of determination, R2, where the
minimum obtained value was 0.954.Consequently, it can be concluded that
both performance models predict very accurately the performance behavior
of the studied LTO-based Li-ion battery.
State-of-charge of LTO-based Li-ion batteries. The electrical model param-
eterized based on the DC pulse technique was further used to develop a
state-of-charge estimation method for the LTO-based battery cell. Thus, the
extended Kalman filter and unscented Kalman filter were successfully im-
plemented for the SOC estimation. The first step was to identify the battery
VOC, and afterward to estimate the SOC. Both estimators were successfully
implemented for the SOC estimation. The estimated SOC with both algo-
rithms converged to the reference SOC in less than 100 seconds, and the SOC
estimation errors are maintained in a small error band. The SOC reference
is based on Coulomb counting with known initial SOC. For low temperature
(5◦), a mean error of 0.44% SOC and 8.3 mV was obtained, while for normal
temperature (25◦C) a mean error of 0.54% SOC and 5.8 mV was obtained.
These results are considered satisfactory with respect to the voltage range
(1.5 V - 2.9 V) of the LTO-based Li-ion battery cell, as well with respect to
the SOC, where the obtained error is below 2%. Moreover, comparing both
estimators proves that the results obtained by using UKF are better in terms
of mean error (0.54%), but the execution time is doubled.
Degradation of LTO-based Li-ion batteries. The last part of the disserta-
tion was dedicated to the analysis of the degradation behavior of the studied
LTO-based battery cells. For this purpose, accelerated calendar and cycle
lifetime tests were performed over a period of up to three years at different
stress factors and stress levels. The obtained results, show an initially very
slow degradation rate over most of the cycling lifetime tests, which is inter-
rupted by a sudden decrease in the battery performance. The capacity fade
is dependent on C-rate, cycle depth and temperature. Even though tested
at temperatures above 40◦C, the LTO-based Li-ion battery cells showed a
very slow degradation being able to withstand more than 8000 FEC without
losing more than 10% of their capacity and with less than 50% increase of
their resistance during cycling. The obtained results are below the EOL cri-
terion considered in e-mobility and renewable energy storage applications.
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No significant degradation was observed during calendar aging tests. The
capacity of the investigated battery cells did not decrease below the values
measured at the BOL, even after more than two years of calendar aging test-
ing at high temperatures. Only rather increase in internal resistance was ob-
tained when the LTO-based Li-ion battery cells were subjected to demanding
storage conditions (e.g. 2.5 years of storage at 45◦C and 100% SOC). Conse-
quently, LTO-based Li-ion batteries are fulfilling the lifetime requirements of
both HEV/PHEV and renewable energy storage applications.
6.1 Main contributions
• Evaluation of the LTO-based Li-ion battery performance parameters
(capacity, internal resistance, open circuit voltage, power capability) for
a wide range of operating conditions (load current, temperature, and
SOC);
• Development and parametrization of equivalent electrical circuit mod-
els for predicting the performance behavior (static and dynamic) of the
considered LTO-based Li-ion battery;
• Model for prediction of the LTO-based Li-ion battery pulse power ca-
pability for various operating conditions (Temperatures 5 to 45◦C and
currents from C/10 to 9C);
• Method for estimating the SOC of the considered LTO-based Li-ion bat-
tery using Extended Kalman Filter;
• Assessment of the influence of the equivalent electrical circuit param-
eters on the accuracy of the proposed battery performance model and
SOC estimation;
• Evaluation of the performance degradation during accelerated cycle
and calendar aging of the LTO-based Li-ion batteries.
6.2 Future work
As with most other scientific research projects, the results of this dissertation
show many results, but as well open new areas of investigation. Thus, further
improvements of the obtained results can include the following:
• Perform all the accelerated aging test until the LTO-based Li-ion battery
cells will reach the EOL criterion;
• Develop the lifetime model based on the obtained results from calendar
and cycling tests;
71
Chapter 6. Conclusion
• Compare the characterization results obtained at the BOL with the ob-
tained results at the EOL by performing the same characterization pro-
cedure for each test case included in the matrix tests, in order to observe
the influence of aging on the LTO-based Li-ion battery performance pa-
rameters;
• Implement the SOC estimation on board, in order to obtain the SOC in
real time;
• Develop an SOH estimation method based on the results obtained from
the accelerated aging tests;
• Verify the performance models with real operating profiles for both e-
mobility and renewable energy storage applications.
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Appendix A
Description of the Battery
Test Equipment
The laboratory tests were performed by using the same test equipment, which
will be described shortly in this Appendix.
Digatron BTS 600
Digatron BTS 600 has been used as a battery test station for performing the
laboratory tests of LTO-based Li-ion battery cells. The Digatron BTS 600, pre-
sented in Fig. A.1a), consists in six charging/discharging channels. Each of
this channels are able to charge and discharge the battery cell with a voltage
limit of 6 V and a current limit of 50 A. The accuracy of the Digatron BTS
measurements are presented bellow.
A programmable multi-channel battery test equipment from Digatron
BTS-600 software was used.
Current range: -50 . . . 50 A
Voltage range: 0 . . . 6 V
Voltage accuracy 0.001 V
Current accuracy; 0.01 A
Temperature accuracy: 0.1◦C
The LTO-based Li-ion battery cells subjected for accelerated calendar life-
time tests (see Table 5.5) were performed using several Memmert UNP 500
universal ovens, as the one shown in Fig. A.1b). The subjected cell has
been cycled by using several Memmert UFP 600 universal oven, as shown
in Fig. A.1c).
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Memmert UNP 500 and Memmert UFP 600.
Temperature range: 30◦ - 250◦
Temperature accuracy: 0.5◦C below 99.9◦C and 1◦C above 100◦C
(a) (b)
(c) (d)
Fig. A.1: Battery test equipments. a) Digatron BTS 600, b) LTO-based Li-ion battery cell during
accelerated cycling lifetime, c)Memmert UFP 600 temperature chamber, d) Memmert UNP 500
temperature chamber.
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Characterization of
LTO-based battery cell
The extensive characterization procedure used for LTO-based Li-ion battery
cell is summarized in this Appendix.
Preconditioning Test.The test procedure that has been used for perform-
ing the preconditioning test is presented in Table B.1.
Table B.1: Preconditioning test procedure for LTO-based Li-ion battery cell.
Step Description
1 Tempering of the LTO-based battery cell.
2 Discharge to 0%SOC.
3 1 hour rest period.
4 Full charge of the battery cell following constant current (CC) - constant voltage (CV) method,
by applying a 1C-rate. The battery was considered fully charge when the current has reached
4% of the battery nominal capacity.
5 1 hour rest period.
6 Full discharge of the battery cell by applying a 1C-rate current. The battery was completely
discharge when the voltage has reached the minimum value.
7 1 hour rest period.
8 Repeat four times steps 4-7.
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Capacity Test. The capacity test procedure is presented in Table B.2.
Table B.2: Capacity test procedure for LTO-based Li-ion battery cell.
Step Description
1 Tempering of the LTO-based battery cell at 5◦C.
2 Discharge to 0%SOC by applying a 1C-rate.
3 1 hour rest period.
4 Full charge of the battery cell following CC - CV method, by applying a 0.5C-rate. The battery
was considered fully charge when the current has reached a pre-defined value.
5 1 hour rest period.
6 Full discharge of the battery cell by applying a 0.5C-rate current. The battery was completely
discharge when the voltage has reached the minimum value (cur-off voltage).
7 1 hour rest period.
8 Repeat steps 4-7 for the following C-rates: 1C, 2C, 3C, 4C, 7C, 9C .
9 Repeat steps 1-8 for the following temperatures: 15◦C, 25◦C, 35◦C, 45◦C.
The voltage profiles measured on the LTO-battery cell during the capacity
test are illustrated in Fig. B.1.
Fig. B.1: Voltage profiles measured during capacity test of LTO-based Li-ion battery cell.
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OCV test. The procedure that has been used for measuring the OCV is
described in Table B.3.
Table B.3: Open circuit voltage test procedure for LTO-based Li-ion battery cell.
Step Description
1 Tempering of the LTO-based battery cell at 5◦C.
2 Discharge to 0%SOC by applying a 0.5C-rate.
3 2 hour rest period.
4 Charge the LTO-based Li-ion battery cell with 0.5C-rate for 5% SOC.
5 2 hours rest period.
6 Repeat steps 4-5 until the battery is fully charged, SOC = 100%.
7 2 hours rest period.
8 Discharge the LTO-based Li-ion battery cell with 0.5C-rate for 5% SOC. Thus, the SOC = 95%.
9 2 hours rest period.
10 Repeat steps 8-9 until the battery is fully discharge, SOC = 0%.
11 2 hours rest period.
12 Repeat steps 1-12 for the following temperatures: 15◦C, 25◦C, 35◦C, 45◦C.
Internal resistance measurements. The procedure, which was used to
perform the internal resistance measurements is summarized in Table B.4.
Table B.4: Internal resistance test procedure for LTO-based Li-ion battery cell
Step Description
1 Tempering of the LTO-based battery cell at 5◦C.
2 Discharge to 0%SOC by applying a 1C-rate.
3 15 minutes rest period.
4 Charge the battery cell by applying a predefined current rate for 5%SOC.
5 15 minutes rest period.
6 Measurement the internal resistance
7 15 minutes rest period.
8 Repeat steps 4-7 until the battery is fully charge (SOC = 100%.), considering 5%∆SOC increment.
9 Repeat steps 1-8 for the following temperatures: 15◦C, 25◦C, 35◦C, 45◦C.
AC impedance measurements. The procedure, which was used to perform
the AC impedance measurements is summarized in Table B.5.
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Table B.5: AC impedance test procedure for LTO-based Li-ion battery cell.
Step Description
1 Tempering of the LTO-based battery cell at 5◦C for two hours.
2 Full discharge of the battery cell, by applying 0.5C-rate current.
3 3 hours rest period.
4 Measurement of the impedance spectrum of the LTO-based Li-ion battery cell at 0% SOC.
5 30 minutes rest period.
6 Charge the battery cell by applying a 0.5C-rate current for 5% SOC.
7 30 minutes rest period.
8 Measurement of the impedance spectrum of the LTO-based Li-ion battery cell at 5% SOC.
9 30 minutes rest period.
10 Repeat steps 6-9 until the battery is fully charge (SOC = 100%.), considering 5% ∆SOC increment.
11 Repeat steps 1-10 for the following temperatures: 15◦C, 25◦C, 35◦C, 45◦C.
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Abstract—Lithium ion (Li-ion) batteries have been extensively
used in consumer electronics because of their characteristics,
such as high efficiency, long life, and high gravimetric and
volumetric energy. In addition, Li-ion batteries are becoming the
most attractive candidate as electrochemical storage systems for
stationary applications, as well as power source for sustainable
automotive and back-up power supply applications.
This paper gives an overview of the Li-ion battery chemistries
that are available at present in the market, and describes the
three out of four main applications (except the consumers’
applications), grid support, automotive, and back-up power, for
which the Li-ion batteries are suitable. Each of these applications
has its own specifications and thus, the chemistry of the Li-
ion battery should be chosen to fulfill the requirements of the
corresponding application. Consequently, this paper discusses as
well, the suitability of the presented Li-ion battery chemistries
for different applications.
I. INTRODUCTION
In the last decades, the generation of electricity was mostly
produced from conventional sources, such as fossil fuel and
nuclear energy. However, recently, concern with the environ-
ment and the dramatic rise in the price of energy generated
from fossil fuel (due to the global increase in energy demand)
have led to the rapid growth in the use of renewable energy.
The use of such energy sources in today’s electricity networks
can minimize the threat of global warming, climate change
and pollution [1].
According to World Wind Energy Association, at the end of
2012 the cumulative wind energy capacity installed worldwide
reached 282.3 GW, of which 44.6 GW was added in 2012
[2]. At the end of 2012, the cumulative photovoltaic (PV)
energy capacity installed in the world reached more than 100
GW, from which more than 31 GW was installed in 2012 [3],
[4]. According to Renewable Energy Policy Network for 21st
Century, wind power accounts for around 39% of renewable
power capacity added in 2012 and solar PV for approximately
26% [4]. Hence, the total renewable power capacity worldwide
exceeds 1470 GW in 2012 [4]. Furthermore, it is expected that
this growing trend will continue, and by the end of 2020 the
global wind power capacity will reach around 1000 GW and
the cumulative worldwide capacity of installed PV will reach
around 330 GW [2], [5].
Replacing conventional generating units with wind or PV
power plants will introduce new issues in terms of grid stabil-
ity, reliability and power quality [6]. In order to overcome the
aforementioned problems, electrical energy storage becomes
an attractive solution [6], [7]. Moreover, electrical energy
storage represents a key solution not only for renewable energy
storage but also for back-up power applications by compensat-
ing the power flexibility and providing uninterruptible power
supply when a voltage drop appears in the distributed energy
network [8].
Automotive sector represents another source of greenhouse
gas emissions (such as CO2) in the EU [9]. Thus, driven
by similar environmental issues as in the case of electricity
generation, the automotive sector will face a major change
in future, moving from conventional-powered vehicles to
electrical-powered vehicles. The environmental issues in the
case of automotive sector can be solved by replacing the
internal combustion engine (ICE) cars with ideally, zero emis-
sion vehicles (full electric vehicles (EVs)), or by controlled
emission vehicles (hybrid electric vehicles (HEVs) and plug-
in hybrid electric vehicles (PHEVs)) [10]. For example, in
Sweden, it is expected that the greenhouse emissions produced
by vehicles should be reduced with 20% - 25% until 2020 and
with 70% - 85% until 2050 [11].
At present, many different electrical energy storage tech-
nologies are available that can be suitable for different appli-
cations depending on their characteristics and benefits. For
automotive, renewable energy storage and back-up power
applications, the most promising solution, which could solve
the majority of the issues encountered in these applications,
is represented by the used of electrochemical batteries. Elec-
trochemical batteries are a good choice due to their good
characteristics in terms of safety, performance, as well due
to their compact size. Presently, there is a wide variety of
rechargeable battery technologies available on the market,
varying from mature (e.g. lead-acid batteries, nickel-cadmium
batteries) to the developed batteries technologies (e.g. lithium
ion batteries, etc.) or still under development (e.g. metal air
batteries).
Among the available battery technologies, Li-ion batteries
dominates the market for portable devices and currently are
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a promising storage technology for automotive and renewable
applications. As it is illustrated in Fig. 1, Li-ion batteries have
higher specific energy and power density than nickel-cadmium
(Ni-Cd) and lead-acid batteries.
Consequently, it is expected that until 2020, 80% of the
produced Li-ion batteries will be used in the automotive and
in the renewable energy storage sectors [13].
The present paper reviews the Li-ion battery chemistries,
which may be integrated to support stationary, automotive and
back-up power sectors. This paper is organized as follows:
Section II provides an overview of Li-ion battery chemistries
and their characteristics. Section III presents the applicability
of Li-ion batteries in different sectors. In this section are
covered the three main sectors: stationary by using different
services, automotive represented by full and hybrid electric
vehicles, and back-up power by uninterruptible power supply
(UPS). Section IV includes a discussion about the suitability
of the presented Li-ion battery chemistries in different appli-
cations.
II. LI-ION BATTERY ENERGY STORAGE SYSTEMS
Li-ion battery technology was first commercialized by Sony
in the early 1990s and is based on the use of Li-intercalation
compounds [8], [14]. Li-ion batteries are a relatively new
energy storage technology compared with other technologies,
especially with the lead-acid batteries and Ni-Cd. Among
presently available battery technologies, Li-ion batteries are
the most popular battery technologies for portable consumer
electronics due to their durability, high specific energy, corre-
spondingly light weight and reasonably fast-charge/discharge
capability. Besides their use in the area of consumer electronics
products, Li-ion batteries have begun more recently to enter
into the automotive market, in hybrid and full electric vehicles,
due to their high volumetric and gravimetric power and energy
densities, as well low self-discharge rate. In addition, because
of their other characteristics, such as fast response, high
efficiency, and long-lifetime, Li-ion batteries are also been
deployed in stationary energy storage applications and back-
up power applications. Another important advantage of this
technology, in comparison to other battery technologies, is the
high-capacity utilization even at high current rates [15].
Today, Li-ion battery cells are developed and produced in
three different designs: prismatic, cylindrical and pouch [15].
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Fig. 3. Structure of a typical Li-ion battery [14]
However, the main drawback of these batteries is still their
high cost. Moreover, the cost is even increased due to the
need for special packaging and internal overcharge protection
circuits [8], [16]. A relevant cost reductions is expected, when
the Li-ion batteries production is coming in mass on the market
[15].
The lithium batteries family is vast and it can be classified,
depending on the anode material, into lithium metal and
lithium ion batteries, as it is presented in Fig. 2.
A typical Li-ion battery contains a graphite anode made of
graphitic carbon with a layering structure, a cathode formed by
a lithium metal oxide (LiCoO2, LiMO2, LiNO2 etc.), and an
electrolyte. The electrolyte consist of a solution of lithium salt
(LiPF6) in a mixed organic solvent embedded in a separator
felt [8], [10], [17]. The operation principle of Li-ion batteries
differs form other electrochemistry battery cells; it operates
by allowing the lithium ions to migrate across the anode
and cathode producing a flow current [18]. Fig. 3 shows the
structure of a typical Li-ion battery cell.
During charging process, the lithium atoms in the cathode
are transformed to ions and migrate through the electrolyte
toward the carbon anode, where they combine with external
electrodes and are deposited between the carbon layers as
lithium atoms [8], [17]. During discharge process, the reverse
process takes place.
At present, there are available on the market many differ-
ent chemistries within the Li-ion battery technology, which
employ various combinations of anode and cathode materials.
Each of these chemistries has its own electrical and economi-
cal characteristics. The most popular Li-ion battery chemistries
will be described in the following paragraph.
A. Lithium cobalt oxide-based batteries
The lithium cobalt oxide (LiCoO2) based battery, further
referred as LCO, is a mature battery technology characterized
by long cycle life time and high energy density. Moreover,
LCO is the most popular battery technology used in portable
electronic devices due to its excellent charging/discharging rate
and high energy density [19]. LCO consists of a cobalt oxide
positive electrode as a cathode and a graphite carbon negative
electrode as an anode. A typical LCO battery cell is rated at
3.7 V.
However, due to concerns with safety and high price of
cobalt, LCO batteries are not suitable for automotive appli-
cations [19]. Another disadvantage of LCO-based batteries is
represented by their poor thermal stability.
Manufacturers: Sony, Kokam.
B. Lithium manganese oxide-based batteries
The lithium manganese oxide (LiMn2O4) based battery,
further referred as LMO, have a higher nominal voltage
than LCO-based battery cells, rated between 3.8 and 4 V.
On the other hand, the energy density of LMO batteries is
approximately 20% less than the ones of LCO batteries. Other
important attributes of LMO battery cells are high thermal
stability, lower cost and improved safety. However, due to
its relatively short cycle life and high capacity losses, LMO
battery cell is not suitable for electric vehicle, plug-in electric
vehicle nor hybrid plug-in electric vehicle applications [19].
LMO batteries does not have a good power nor energy density
[19].
Manufacturers: Hitachi, Sanyo, GS Yuasa, LG Chem, Sam-
sung, Toshiba, Altairnano.
C. Lithium nickel oxide-based batteries
The lithium nickel oxide (LiNiO2) based battery, further
referred as LNO, is lower in cost and has a higher energy
density (15% higher by volume, 20% higher by weight), but
is less stable as compared to LCO batteries [20]. Moreover,
the nominal voltage of the batteries based on this chemistry
is less then 3.6 V. Since it is very difficult to prepare pure
LNO composite, two more chemistries based on alternative
materials have been developed [19].
D. Lithium nickel cobalt aluminum oxide-based batteries
The lithium nickel cobalt aluminum oxide (LiNiCoAlO2)
based battery, further referred as NCA, has a lower voltage
and a better safety characteristic, compared with LCO-based
battery. Furthermore, NCA-based batteries performs well in
terms of power density, energy density and lifetime. The main
drawbacks of this Li-ion battery chemistry are coming from
their reduced safety and high cost.
Manufacturers: SAFT, PEVE, AESC.
E. Lithium nickel manganese cobalt oxide-based batteries
The cathode of lithium nickel manganese cobalt oxide,
LiNiMnCoO2 (NMC) is composed by cobalt, nickel and
manganese. The most commonly used NMC composition
contains equal amount of all three transition metals (i.e.
Ni1/3Mn1/3Co1/3). NMC-based battery cells have high ca-
pacity, good rate capability and can operate at high voltages
[20].
Manufacturers: PEVE, EIG, Hitachi, Sanyo, LG Chem, Sam-
sung, GS Yuasa, Kokam.
F. Lithium iron phosphate-based batteries
Lithium iron phosphate (LiFePO4) based battery, further
referred as LFP, represents an extremely attractive battery
chemistry, because of its characteristics such as high capacity,
low cost (lower than LCO batteries), flat voltage profile, and
low environmental impact [10]. LFP batteries are operating
similar to NCA batteries, but with a higher degree of safety.
Moreover, LFP batteries are considered suitable for being
used in stationary, automotive and back-up power applications
because their characteristics (i.e. high safety, good thermal sta-
bility, long lifetime and low self-discharge rate) are matching
the demands of these applications.
Manufacturers: A123, BYD, GS Yuasa, SAFT, EIG, Lishen.
G. Lithium titanate oxide-based batteries
The lithium titanate oxide (Li4Ti5O12) based battery, further
referred as LTO, is using a lithium titanate nanocrystals on
the anode surface, instead of carbon. This fact represents an
advantage of LTO battery cells because they can release ions
repeatedly for recharging and rapidly for high current [21].
LTO has a spinel-framework structure and is characterized by
a two-phase electrochemical process evolving with a relative
flat voltage profile [10]. LTO-based batteries offer advantages
in terms of power and stability, but they have a lower voltage
level than the other Li-ion battery chemistries. However, this
lower operating voltage brings advantages in terms of safety.
The characteristics of LTO include: high cycling stability,
no electrolyte decomposition and thus no solid electrolyte
interface formation, high rate/discharge capability, and high
thermal stability in both charge and discharge state [10], [22].
Moreover, LTO-based batteries can operate at low tempera-
tures. This characteristics makes LTO a promising candidate
for their use in stationary and back-up power applications.
Manufacturers: Altairnano, EIG, Leclanché.
Table I summarizes the most important characteristics and
properties of the presented Li-ion battery chemistries.
H. Comparison of Li-ion battery chemistries
Li-ion battery chemistries can be compared along six dimen-
sions: specific energy (mass energy density [Wh/kg]), specific
power (mass power density [W/kg]), safety, performance
(state of charge measurement, peak power at low temperature,
thermal management), lifetime and cost [25]. The comparison
of these chemistries is illustrated in Fig. 4.
TABLE I
CHARACTERISTICS AND PROPERTIES OF LI-ION BATTERY USING VARIOUS CHEMISTRIES (BASED ON [10], [19], [23], [24])
Material Specific capacity Nom. voltage Energy density Cycle life Properties[mAh/g] [V] [Wh/kg] [cycles]
LCO 140 3.7 110 - 190 500 - 1000 High safety risk, good lifetime
LMO 146 3.8 100 - 120 1000 Cheaper, safer than LiCoO2 and LiNiO2
NCA 180 3.6 100 - 150 2000 - 3000 High energy, high density, expensive
NMC 145 3.6 100 - 170 2000 - 3000 High voltage, good specific capacity, high safety risk, good lifetime
LFP 170 3.3 90 - 115 > 3000 Long lifetime, high stability, basic low cost
LTO 170 2.2 60 - 75 > 5000 Negligible volume expansion, basic low cost, stable electrochemicaloperation, high thermal stability
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Fig. 4. Comparison of Li-ion battery chemistries
As it can be observed from Fig. 4, none of the discussed
Li-ion battery chemistries is superior to the other chemistries
from all points of view. Therefore, the selection of the Li-ion
battery chemistry for a certain application has to be performed
based on the targeted application.
I. Emerging Lithium-based chemistries
1) Lithium-air batteries: Lithium-air, Li2O2 (Li-air) battery
is a new technology, which is in a very early stage of
development. This technology is presenting a high energy
density (close to the energy density of fossil fuels), fact that
makes Li-air batteries a promising candidates to power future
electric vehicles [26].
The Li-air battery consists of a positive electrode of porous
carbon (O2 from air), and a negative electrode of lithium
metal. By reacting lithium directly with oxygen from air, a
very high capacity (1200 mAh/g) may be obtained [10]; this
value obtained for Li-air battery is much higher than the one
in the available Li-ion battery technologies that are using
insertion cathode.
2) Lithium-sulphur batteries: Lithium-sulphur, Li2S (Li-S)
based battery is another promising candidate for high energy
battery systems. Similar to the Li-air battery, Li-S battery is
using lithium metal as negative electrode. On the other hand
Li-S battery is using sulphur at the positive electrode instead of
oxygen in order to produce solid Li2S instead of solid Li2O2
[27]. The difference is that sulphur is solid and not gaseous
like oxigen.
Li-S battery cells are showing a better cycle life and greater
efficiency than the Li-air battery cells, while having lower en-
ergy density [27]. Due to the low cost of sulphur, Li-S batteries
have the potential to compete with the more established Li-
ion chemistries. Because of their characteristics, Li-S based
batteries are suitable for use in automotive applications.
Manufacturers: Oxys Energy, Sion Power.
III. APPLICATIONS OF LI-ION BATTERIES
Li-ion battery storage technology is suitable for a vast
range of applications as shown in Fig. 5. The applications
sector which will be discussed in this section are: stationary,
automotive and back-up power supply.
Cell packs
Automotive applications
Back-up power supply applications
UPS
Consumer electronics
Li-Ion
Batteries
Cells
Stationary applications
Fig. 5. Representative applications for Li-ion batteries
A. Li-ion batteries for stationary applications
The use of Li-ion batteries in stationary energy storage sys-
tem applications to complement the renewable energy sources
(RES), like photovoltaics and wind, presents a great interest.
The main role of using energy storage systems (ESSs) for
stationary applications is to increase the grid penetration levels
of RES, to contribute to upward and downward frequency
regulation, to mitigate the voltage fluctuations, and to increase
the power quality and reliability of the power system [6].
Stationary applications are divided into two broad cate-
gories: energy applications, such as peak shaving, and power
applications, such as frequency regulation and power quality.
Energy applications the charge or discharge of the ESS for
periods of hours [28]. On the other hand, power applica-
tions involve relatively short periods of discharge (seconds to
minutes), short recharging periods, and often require many
cycles per day [28]. For these applications, energy storage
capacity, power output and lifetime (cycle and calendar) are
key performance criteria [6], [29].
There is a wide variety of stationary applications (both
grid support services and facilitating RES integration) for
which Li-ion batteries represent suitable candidates. The most
meaningful of them are briefly introduced in the following
paragraphs. Besides, the short explanation of the services, the
requirements that the energy storage should comply are also
introduced.
1) Grid frequency regulation: For grid frequency regulation
service, Li-ion batteries-based ESSs contribute into frequency
regulation in the grid by releasing (discharging) active power,
when frequency drops below certain threshold, or absorbing
(charging) active power when the frequency is above certain
threshold. In general, the required charging and discharging
power is proportional to the frequency deviation and is linearly
increased between zero and the maximum storage power.
The energy storage can participate on the market for up and
down regulation at the same time. The storage requirements of
this service include a reaction time in terms of milliseconds or
seconds, a storage power between 25-50% of nominal power
of the wind power plant (WPP) or photovoltaic power plant
(PVPP) to which is attached, and a storage time of up to 15
minutes.
2) Forecast accuracy improvement: The predictability of
the WPPs and PVPPs production depends of the accuracy
of the weather forecast and of the forecasting method [30].
Therefore, forecast accuracy improvement service is dependent
on time scale, location and season.
Forecast accuracy improvement revenues are generated by
avoiding cost for balancing power due to a better match of
forecasted and actual production. Costs for balancing power
can be seen as a penalty that can be reduced using energy
storage. This service requires that the wind energy in excess
of the bidded amounts is stored and released later, when the
amount of wind power is insufficient. The storage require-
ments of this service include a reaction time from seconds
to minutes, a storage power equal to 25% of the WPP/PVPP
nominal power and up to 24 hours storage time.
3) Power gradient reduction: Power gradient reduction, or
dP/dt limitation, is a service that limits the maximum gradient
output of the WPP, which is caused by fast changes in the
wind speed. This allows to regulate additional generation fast
enough to compensate wind fluctuations [30]. The required
storage size for this service is dependent on the maximum
allowable dP/dt level. The storage requirements include a
reaction time of seconds and the energy storage as well storage
time are dependent on the required dP/dt level.
4) Peak shaving: For peak shaving service, Li-ion batteries
are storing the energy when consumption is lower than the
generation and releasing it when consumption is higher than
generation, to flatten the typical ”mountain and valley” shape
of the load curve [30]. The storage requirements for this
application are: a reaction time in order of minutes, an energy
storage power of approximatively 25-75% of WPP/PVPP
nominal power, and a charge/discharge duration of one to five
hours per day.
5) Black start: Power generation units have the black start
capability if they can go from a shutdown condition to an
operating condition without any assistance from the grid.
Then, they can be used to energize the grid in order to help
other generating units that have been start after a blackout
occurs [30]. If WPP and PVPP will be augmented with Li-ion
battery ESS will have the possibility to black start. For black
start applications, the storage requirements are: the storage
power should be approximatively 25% of nominal power and
the storage time around 30 minutes.
6) Energy arbitrage: For energy arbitrage, ESS provide
the capability of separation the instant of energy production
and the instants of energy selling. This service is based on
the difference of prices on the spot market. Thus, the Li-
ion battery energy storage is charged when prices are low
(especially during the night), and it is discharged in high-price
periods during the day. The ESS will require a reaction time
of minutes, a storage power of approximately 25-75% of the
nominal power and a storage time from 12 to 24 hours.
Table II presents the most appealing grid services for
stationary applications and their battery energy storage require-
ments.
TABLE II
DIFFERENT GRID SUPPORT SERVICES AND THEIR REQUIREMENTS FOR THE
ENERGY STORAGE SYSTEM [31]
Service
Energy storage requirement
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Grid frequency regulation     
Forecast accuracy improvement    
Power gradient reduction    
Peak shaving 
Black start   
Energy arbitrage   
B. Li-ion batteries for automotive applications
Another market, which energy storage have begun to con-
quer, is automotive. The use of energy storage in automotive
application is a promising option in order to reduce the fuel
consumption, or to provide an alternative form of motive
power to ICE [16]. Among various storage technologies,
battery energy storage represents the most suitable choice for
automotive applications due to their good characteristics in
terms of high energy density, compact size and reliability. Due
to energy and environmental issues, the market of electrical
vehicles is rapidly growing and consequently the demand for
battery energy storage is increasing as well. As from 2011,
most of vehicle manufacturers have started to produce electric
vehicles or at least have in plan to produce them [13].
Presently, three types of electric vehicles are available on
the market: full electric vehicles (EVs), hybrid electric vehicles
(HEVs) and plug-in hybrid electric vehicles (PHEVs). All of
these types are operating in a different way depending on their
usage energy between the battery energy storage systems and
the ICE equipped inside vehicles.
EVs are only using an electrical motor, which is exclusively
powered by a battery energy storage, without an ICE. EVs
require battery with high energy capacity in order to ensure the
longer driving ranges [32]. Moreover, batteries that are used
in EVs need to store large amount of energy and deliver high
power. The lifetime and the driving range of the EV batteries
are a major concern. Moreover, another issue of EVs is the
long battery recharge time at the given recharge rates [6]. The
size of the batteries in EVs is larger than that of batteries used
for PHEVs or HEVs.
HEVs typically combine an ICE with an electric motor,
but they are driven mainly by ICEs. The batteries for HEVs
are used to store the energy captured during braking and
use it to boost the acceleration mode [32]. Moreover, HEV
batteries stores only a small amount of energy, since they are
recharged frequently either during driving by the ICE or during
regenerative braking.
PHEVs combine the characteristics of both EVs and of
conventional vehicles powered by an ICE. Thus, PHEVs can
be powered with electricity from the electric power grid,
gasoline (or diesel), or in both modes. Moreover, batteries used
in PHEV applications require a larger capacity than batteries
used in HEV applications. For short distances, PHEVs do
not consume any fuels, if the battery is fully charged [32].
When the battery has reached approximatively 20% state of
charge, the electrical motor is decoupled and the ICE works as
power source [33]. Thus, from this point of view, the PHEV
mainly behaves like a HEV for power assisting. Consequently,
the batteries for EVs and PHEVs are charged by the external
sources, fact which is the most distinguished from the HEVs.
The performance requirements for the used batteries have
to match the vehicle type. There are two important factors
for determining the battery performance: energy (considered
as driving range) and power (considered as acceleration). Fig.
6 illustrates a comparison in terms of requested energy and
power density, between the three types of electric vehicles.
The figure shows that the energy requirements from the battery
energy storage increase from the HEV to PHEV and from
PHEV to EV. In another words, EVs require a higher energy
density than the PHEVs and HEVs.
Li-ion batteries can provide a high energy and power output
per unit of battery mass, allowing them to be lighter and
smaller than other battery energy storage technologies [32].
Hence, Li-ion batteries are the most suitable energy storage
technology that can be used in automotive applications. Fig. 7
illustrates a comparison in terms of power and energy density
between the most used battery technologies in automotive
applications.
Another advantage, which makes Li-ion batteries a better
choice in the automotive industry, compared to the main
battery contenders (advanced lead-acid batteries and nickel-
metal hybrid (Ni-MH) batteries) refers at their high energy
efficiency and relatively long cycle life. The target battery
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technologies in automotive applications (based on [32])
lifetime exceeds 10 years or 160.000 km mileages of driving
[13]. However, a critical concern of Li-ion batteries used in
vehicles is still represented by their high cost. According
to [32], the cost of Li-ion batteries is four to eight times
that of lead-acid batteries and one to four times that of Ni-
MH batteries. Nevertheless, a significantly cost decrease is
expected to occur due to the need of Li-ion batteries in many
applications, such as UPS and consumer electronics, and also
due to the intensive research and development activities.
C. Li-ion batteries for back-up power applications
Energy storage is used in back-up power applications since a
long time, where it serves to supply power to telecommunica-
tions equipment during power interruptions [34]. In general for
back-up power applications, the lead acid battery technology
has been mostly used. The replacement need of lead acid
battery is caused by the used amount of power that is in-
creasing dramatically. Thus, this had led to search for back-up
batteries with higher energy density that can be able to provide
the full back-up time and occupy only limited space [34].
Recently, due to their high energy density, some Li-ion battery
chemistries have become a very attractive replacement for
the lead-acid batteries. Moreover, Li-ion batteries are suitable
for this applications as they do not contain environmentally
restricted materials, they can provide a back-up power supply
for a long periods of time and they can provide a high number
of partial charging/discharging cycles [35].
A critical requirement for batteries used in back-up appli-
cations is the long calendar life, typically 15 years or more.
Time compression of testing duration for back-up batteries is
indispensable for evaluating life of batteries for a given periods
[34]. Usually, back-up batteries are infrequently charged or
discharged, and remain in a fully or partially charged state for
most of their operational life.
The most known back-up power applications are the UPSs.
An UPS is a device that provides a stable power supply during
a power outage. UPSs are used to ensure the stable operation
of network devices that support advanced information society
[35]. Furthermore, UPSs are gaining more and more attention
for general household use, not only for commercial purposes.
The performance requirements for UPS batteries are ex-
pressed in terms of back-up time, charging time and lifetime.
The characteristics of the back-up batteries that are influencing
the aforementioned parameters are the battery capacity and the
maximum charge/discharge current rate; the battery capacity
and its discharge rate depend on the operating conditions (i.e.
temperature, voltage, state of health) [35].
IV. DISCUSSION
As it was presented in the previous sections, the charac-
teristics of present Li-ion battery chemistries can vary a lot
from chemistry to chemistry; for example the LTO chemistry is
characterized by a long lifetime and relatively reduced energy
density while the LMO chemistry has a reduced cycle life
but offers a high energy density. Moreover, the requirements
of different applications from the ESS point of view are also
varying; some applications require high power capability while
others require high energy capability.
Based on the characteristics of the Li-ion battery chemistries
and on the requirements of the applications (in terms of ESS),
Table III analyses the suitability of different Li-ion battery
chemistries for some of the discussed applications.
TABLE III
SUITABILITY OF LI-ION BATTERY CHEMISTRIES IN STATIONARY,
AUTOMOTIVE AND BACK-UP POWER APPLICATIONS
Applications Li-ion battery chemistriesLCO LMO LNO NCA NMC LFP LTO
Sta
tio
nar
y Grid frequency
regulation
   
Forecast accuracy
improvement
  
Power gradient
reduction
      
Au
tom
otiv
e EV     
HEV      
PHEV    
Back-up UPS   
As Table III clearly highlights, none of the present Li-ion
battery chemistries is able to satisfy the requirements of all
the services. Consequently, it is very important to point out
that in order to obtain the desired performances and economic
feasibility, is crucial to choose the Li-ion battery chemistry
based on the requirements of the targeted applications.
V. CONCLUSION
Lithium-ion batteries have become a popular energy storage
solution for a wide area of applications, from automotive to
stationary and back-up power applications, because of their
characteristics which include thermal stability, long calendar
and cycle lifetime, low self-discharge rate etc.
This paper presents an overview of the Li-ion battery
chemistries that are currently available on the market. The
advantages and drawbacks of each chemistry are discussed. In
the second part of the paper, the applications for which Li-
ion batteries are suitable were presented into detail; moreover,
the requirements of these applications for the energy storage
systems were introduced.
The last part of the paper analyses the suitability of each
Li-ion battery chemistry for the majority of the presented
applications. It is concluded that none of the chemistries is
suitable for all applications; thus, the selection process is very
important since the wrong choice of Li-ion battery chemistry
for a certain application can have a negative impact on the
economic feasibility of the investment.
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Abstract – Uninterruptible power supply (UPS) systems have 
incorporated in their structure an electrochemical battery 
which allows for smooth power supply when a power failure 
occurs. In general, UPS systems are based on lead acid 
batteries; mainly a valve regulated lead acid (VRLA) battery. 
Recently, lithium ion batteries are getting more and more 
attention for their use in the back-up power systems and UPSs, 
because of their superior characteristics, which include 
increased safety and higher gravimetric and volumetric energy 
densities. This fact allows them to be smaller in size and weight 
less than VRLA batteries, which are currently used in UPS 
applications.  
The main purpose of this paper is to analyze how Li-ion 
batteries can become a useful alternative to present VRLA. In 
this study, three different electrochemical battery technologies 
were investigated; two of the most appealing Li-ion chemistries, 
lithium iron phosphate (LFP) and lithium titanate oxide (LTO) 
were compared with lead acid batteries, in terms of their basics 
characteristics (e.g. capacity, internal resistance) and their 
dependence on the operating conditions.  
 
 
I. INTRODUCTION 
 
With the growth of internet and information technology 
market, the need for reliable continuous power protection and 
assurance of stable/uninterrupted service is an important 
requirement. The uninterruptible power supply (UPS) is a 
power electronics system based on an energy storage device 
that is capable to bridge the grid supply outages up to certain 
duration depending on the amount of stored energy and of the 
actual load. These systems are essential for the electric 
supply of computers, medical equipment, 
telecommunications equipment etc. Furthermore, UPS 
systems are gaining more and more attention for general 
household use and not only for commercial purpose [1]. 
Electrochemical batteries are used in UPS applications, 
since a long time, to ensure a stable power supply of the 
network-connected devices during power outages [2]. The 
performance of the UPS systems depends greatly on the 
energy storage capacity of the battery [3]. 
In general, for UPS applications, the electrochemical 
battery technology that has been mostly used is the lead acid 
battery technology, which is a mainly valve regulated lead 
acid battery (VRLA).  
The reliability of VRLA strongly depends on the 
environmental conditions as well as on the skills of the UPS 
manufacturer to optimize the lifetime of the batteries through 
UPS design.  The occurrence of any failure in a battery cell 
will cause problem for the battery string [4]. The used 
amount of power is increasing dramatically, as well the price 
of lead, which will drive to an increase in the cost of battery 
cell [1], [4]. All this aforementioned aspects had led to the 
search of other viable solutions for the gradual replacement 
of VRLA batteries. The improvements in lithium ion (Li-ion) 
batteries, in terms of safety, calendar lifetime, power and 
energy density, makes them very attractive candidates to 
replace the current batteries used in UPS applications. Most 
of the times, UPS systems are required to be used for short 
power interruption, which are caused by a wide variety of 
unforeseen circumstances; however, it is an increasing 
demand to use UPS systems as a back-up power supply for 
longer periods (e.g. hours). Li-ion batteries are capable to 
provide huge peak power for short periods of time, as well as 
lower periods of time [1].  
The present paper represents a comprehensive comparison 
of three different batteries, which are suitable for use in UPS 
applications: a VRLA battery that is currently used in such 
applications and two different chemistries from the Li-ion 
battery family, LFP and LTO. This paper is organized as 
follows: Section II provides the main characteristics of the 
studied battery technologies. Section III presents the 
experimental background of all three battery technologies. 
Section IV presents the results obtained from extended 
characterization tests, which had covered capacity, internal 
resistance, energy efficiency and self-discharged 
measurements. Additionally, lifetime and cost aspects of the 
targeted battery technologies are compared. 
 
II. CHARACTERISTICS OF BATTERIES FOR UPS 
APPLICATIONS 
 
A. Battery requirements and criteria for UPS systems 
The batteries used on UPS systems depend greatly on the 
type of system applied, the load on the system, and the 
environmental operating conditions. These types of batteries 
must be capable to supply high currents demand of the UPS 
system for a sustained period, which vary from few minutes 
to several hours [1]. Moreover, other important requirements 
 
include a long back-up time and a fast re-charging. The 
characteristics of UPS batteries that may influence the 
aforementioned requirements are represented by the battery 
capacity and the maximum charge and discharge current 
rates. These characteristics are strongly dependent on the 
operation conditions (temperature, voltage) as will be 
exemplified in Section IV. 
Usually, the batteries used in UPS system are infrequently 
charged or discharged and they remain mostly in a partially 
or even fully charged state for most of their operational life. 
Therefore, the self-discharge parameter of the battery is 
playing also an important role on the overall performance of 
the UPS system. 
 
B. Basics of Lead Acid Batteries 
Lead acid batteries are the most mature battery technology 
and the most widely used rechargeable electrochemical 
devices [5], [6].  Lead acid batteries are used in different 
applications, such as emergency power supply, stand-alone 
systems with PV, support for wind power plants and as 
starter batteries in vehicles [7]. There can be distinguished 
two different categories of lead acid batteries: flooded and 
sealed/valve regulated.  
The operation of lead acid batteries is simple. In the charge 
state, lead acid batteries consist of two electrodes, a negative 
and a positive, of lead metal and lead oxide in a sulphuric 
acid electrolyte. During discharge, the electrodes turn into 
lead sulphate, while the electrolyte it’s dissolved in sulphuric 
acid and becomes primary water [6]. 
The main advantages of lead acid batteries are low cost, 
maturity, fast response and low self-discharge rate [6]. In 
addition, this type of battery is easy to install and require 
relatively low level of maintenance and low investment cost. 
On the other hand, the performance of lead acid batteries is 
dependent on the environmental operation conditions [4]. 
Thus, a change of temperature of even 5 degrees from the 
standard 25oC would have a significant impact on the battery 
lifetime and electrical performance [4].  
 
C. Basics of Lithium Ion Batteries 
Li-ion batteries are a relatively new energy storage 
technology in comparison to lead acid batteries. In the last 
decade, Li-ion batteries have become the most popular 
battery technology for portable consumer electronics 
(phones, laptops, etc.), due to their durability, high specific 
energy, fast charge/discharge capability and light weight. 
Besides their use in the area of consumers, Li-ion batteries 
have begun to enter slowly into the back-up power supply 
applications because of their appealing characteristics such as 
fast response, high efficiency and long lifetime [8]. Another 
important advantage of this technology, in comparison to 
other battery technologies, is the high-capacity utilization 
even at high current rates. 
The family of Li-ion batteries is vast and a lot of different 
chemistries are currently available on the market [8]. The 
characteristics of Li-ion batteries change from chemistry to 
another, depending on the constituent materials. However, 
the main focus of this work is on LiFePO4/C (referred as 
LFP) battery cells and on the LiMn2O4/Li4Ti5O12 (referred ad 
LTO) battery cells. 
LFP represents an extremely attractive cathode material 
because of its characteristics, which include: high safety, 
good thermal stability, long lifetime and low self-discharge 
rate [9]. On the other hand, the characteristics of Li-ion 
battery cells based on LTO anode include: high cycling 
stability, no electrolyte decomposition, high rate charge and 
discharge capability and high thermal stability [9]. 
Consequently, both Li-ion batteries technologies are 
matching the technical demands of UPS applications.  
 
III. EXPERIMENTAL  
 
A. Battery Cell under Test 
The specifications of the three batteries, which have been 
tested for determining their performance behavior at various 
operating conditions, are summarized in Table I.  
 
TABLE I 
CHARACTERISTICS OF THE INVESTIGATED BATTERIES 
 
Property VRLA LFP LTO 
Nominal capacity  7 Ah 2.5 Ah 13 Ah 
Nominal voltage  
12 V/ 2V 
per cell 
3.3 V 2.26 V 
Max. charging voltage 14.4 V 3.6 V 2.9 V 
Min. voltage [V] 10.5 V 2.0 V 1.5 
Max. charge current 1.7 A 10A 130 A 
Max. discharge current 70 A 50 A 130 A 
Operating temperature 
-20oC to 
+50oC 
-30oC to 
+55oC 
-40oC to 
+55oC 
Design life 5 years 20 years 25 years 
 
The performed tests have been done at the cell level for the 
Li-ion batteries and at pack-level (six cells connected in 
series) for the lead acid batteries.  
 
B. Battery Operating Profile for UPS Applications 
As it was mentioned in the previous Section, UPS systems 
are infrequently charged and discharged and they remain 
partially charged or fully charged for most of the operation 
life. An example of operating/mission profile of UPS 
application is presented in Table II.  
 
C. Extended Characterization Test  
The investigated battery cells have been tested under the 
same operation conditions in order to allow for a fair 
comparison. During the characterization stage the batteries 
have been subjected to capacity measurements, open-circuit 
voltage measurements, internal resistance measurements, and 
self-discharge measurements. The characterization tests of 
the battery cells were performed considering different 
temperature levels and different current rates (C-rates). 
 
 
 
 
TABLE II 
AN EXAMPLE OF UPS – OPERATING PROFILE 
 
Area Task Conditions Time Frequency 
Normal 
operation 
Automatic 
battery tests 
25oC 5 min 
0.5 per 
week 
Service & 
maintenace 
Battery 
tests 
35oC 20 min 1 per year 
Islanding I - 
short outages 
Islanding 
mode 
25oC 1 sec 2 per year 
Islanding II – 
medium outages 
Islanding 
mode 
40oC 30 sec 2 per year 
Islanding III – 
long outages 
Islanding 
mode 
50oC 10 min 1 per year 
Islanding IV – 
deep outages 
Islanding 
mode 
50oC > h 0.5 per year 
 
D. Battery Test Station Equipment 
The tests of all the aforementioned battery cells were 
performed in parallel using various charging and discharging 
circuits. Digatron and Maccor systems have been used as 
battery test stations for performing laboratory tests for Li-ion 
and VRLA batteries. During all the measurements, the tested 
batteries were placed in temperature chambers, which have 
allowed a continuous control of the temperature. 
 
IV. RESULTS 
 
A. Charging and discharging capabilities 
To investigate the battery performance at different C-rates, a 
capacity measurement test is required. In order to analyze the 
impact of the working temperature and of the applied C-rate 
on the battery capacity, the capacity measurements test have 
been carried out at four different working temperatures 
(15oC, 25oC, 35oC, 45oC) and six different discharge C-rates 
(0.25C, 0.5C, 1C, 2C, 3C, 4C). Due to the manufacturer 
limitation regarding the maximum charge current for the 
VRLA battery, the charging was possible only with 0.25C-
rate. Before starting the charging and discharging process a 
relaxation time of 1 hour was applied.  
The battery cells were charged following a constant 
current- constant voltage (CC - CV) profile, while the 
discharge was performed using a CC profile. 
Figures 1 - 4 present a comparison of the normalized 
discharge capacity values obtained for the three tested 
batteries at all the aforementioned conditions. The 
normalization was performed by considering the capacity 
measured with 1C-rate at 25oC as the base value for each 
battery. It can be observed that both LFP and LTO batteries 
present very stable capacity independent on the considered 
C-rate and temperature. On the other hand, the VRLA battery 
cell has good performance in terms of delivered capacity at 
small C-rates. 
Usually, the amount of the discharge capacity decreases 
along with the increases in the discharge C-rates. Thus, for 
LFP and LTO battery cells, even at high discharge C-rates, a 
capacity of 90%, respectively 80% or higher from the 
capacity available at normal operating conditions (1C-rate 
and 25oC) can be maintained. Hence, due to the good high 
rate discharge characteristics, a stable back-up time is 
secured even if the load of UPS changes. 
 
 
Figure 1 Normalized discharged capacity versus current rates at a working 
temperature of 15oC 
 
 
Figure 2 Normalized discharged capacity versus current rates at a working 
temperature of 25oC 
 
 
Figure 3 Normalized discharged capacity versus current rates at a working 
temperature of 35oC 
 
 
 
 
 
 
Figure 4 Normalized discharged capacity versus current rates at a working 
temperature of 45oC 
 
The normalized discharge capacity parameter represents 
the ratio between the discharge capacity and the reference 
capacity.  
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where, Capnorm represents the normalized discharge capacity, 
Capn,T is the discharge capacity measured at different C-rates 
(n) and different temperatures (T), and C1C,25oC  represents the 
reference discharge capacity, which has been measured at 
1C-rate and 25oC. 
The measured discharged characteristic curves at different 
working temperatures and C-rates are presented in Figure 5. 
 
 
 
Figure 5 Cell discharged voltage with different C-rates at different working 
temperatures (0.25C – blue; 0.5C – red; 1C – green, 2C – black, 3C – cyan, 
4C - magenta) 
 
Figures 6 - 8 show the charge and discharge characteristics 
at different C-rates and at 25oC working temperature. 
 
 
 
Figure 6 Charging and discharging with different C-rates at 25oC (LFP) 
 
 
 
Figure 7 Charging and discharging with different C-rates at 250C (LTO) 
 
 
 
Figure 8 Charging with 0.25 C-rates and discharging with different C-rates at 
250C (VRLA) 
 
It can be observed that LTO battery is charging faster than 
LFP and VRLA battery cells. During charging, VRLA 
batteries are entering faster in CV state, and the charging 
process takes much more time compared to Li-ion batteries. 
 
Moreover, the charging current rate for VRLA is limited at 
0.25C, which will make very difficult the fast re-charging of 
the battery after a hypothetical discharging event. 
 
B. Open Circuit Voltage Measurements 
The open circuit voltage of the battery is dependent on the 
operating conditions and it varies with the state of charge 
(SOC). Consequently, the open circuit voltage off all the 
targeted battery cells were measured for charging and 
discharging cases at four different temperatures (15oC, 25oC, 
35oC, 45oC) and for SOC’s between 5% and 95% by 
considering a 5% SOC resolution. The open circuit voltage of 
the cells was measured for each SOC after a two hours 
relaxation time period. 
The results, obtained for the case of charging and 
discharging at 25oC, are shown in Figure 9. 
 
 
 
Figure 9 Measured open circuit voltage during pulse charging/discharging 
with 0.25C rate at 25oC for the LFP, LTO and VRLA battery cells 
 
As it can be observed from Figure 9, the hysteresis 
phenomenon between charging and discharging curves 
appears only for LFP and VRLA battery cell. The maximum 
amplitude of the hysteresis is of 30 mV for LFP and of 60 
mV for VRLA. In the case of LTO battery cells, no hysteresis 
phenomenon occurs. 
 
C. Internal Resistance Measurement 
The internal resistance is an important parameter for since 
it can provide information regarding the power capability of 
the batteries. The procedure to determine the internal 
resistance of the studied battery cells was to apply a charge or 
discharge current pulse to the battery cell and measure the 
voltage rise or drop. The voltage drop response caused by the 
discharge current pulse is illustrated in Figure 10. As it can 
be observed, after applying a current pulse, the voltage drops 
immediately due to the battery’s internal resistance. 
The internal resistance measurement test has been carried 
out at different SOCs (10% to 90% with 10% resolution) and 
considering different C-rates (0.1C, 0.5C, 1C, 2C, 3C, 4C). 
After the discharging pulse, a charging pulse of the same 
amplitude was applied to the battery in order to re-establish 
the SOC. In the case of the VRLA battery, the recharging 
was performed all the time with 0.25C-rate, due to the 
manufacturer limitation. Before starting the charging and 
discharging process, a relaxation time of 15 minutes was 
applied for temperature stabilization.   
The internal resistance of the battery cell during 
discharging for the aforementioned conditions was calculated 
using Ohm’s law: 
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where, V1 represents the measured voltage drop after 18 
seconds, V0 represents the initial voltage (open circuit 
voltage) and I represents the discharging current pulse.  
 
 
 
Figure 10 Voltage response of a battery cell due to a discharging current 
pulse 
 
The values of the VRLA, LFP and LTO battery cells’ 
internal resistance have been normalized to the value 
measured at 50% SOC for each battery cell. Figure 11 – 
Figure 14 present the obtained results of the normalized 
internal resistance for each type of battery at different 
working temperature, SOCs and considering a 1C current 
pulse. 
 
 
 
Figure 11 Dependence of the internal resistance on the SOC at 15oC (1C 
discharge pulse) 
 
 
 
 
Figure 12 Dependence of the internal resistance on the SOC at 25oC (1C 
discharge pulse) 
 
 
 
Figure 13 Dependence of the internal resistance on the SOC at 35oC (1C 
discharge pulse) 
 
 
 
Figure 14 Dependence of the internal resistance on the SOC at 45oC (1C 
discharge pulse) 
As presented in Figure 11 – Figure 14, independent on the 
working temperature, the internal resistance of LFP and LTO 
shows a parabolic shape, while the internal resistance of 
VRLA shows at the beginning a decrease and from 30% SOC 
a linear increase. The increase of the internal resistance of the 
VRLA battery is caused by the sulphation process, which is 
causing additional heating [3]. Moreover, by comparing the 
obtained normalized internal resistance values, it was 
observed the internal resistance of the LFP battery cells 
varies in a narrower interval (approx. 10% for 25oC) than the 
other batteries (approx. 50% for LTO and 25% for VRLA at 
25oC). 
 
D. Energy Efficiency 
The batteries energy efficiency have been calculated for 
different C-rates and at different working temperature. The 
energy efficiency of the investigated batteries has been 
derived from the capacity measurements. The energy 
efficiency was defined as the ratio between discharge energy 
and charge energy. Figure 15 illustrates a comparison 
between the energy efficiency of all three batteries as 
function of different C-rates (0.25C, 0.5C, 1C, 2C, 3C and 
4C) obtained for a 25oC working temperature. 
 
 
 
Figure 15 Energy efficiency versus C-rate obtained at 25oC working 
temperature for the three batteries under test 
 
From all the investigated batteries, VRLA has the lowest 
energy efficiency, while LTO the highest, close to 100%. The 
energy efficiency for the VRLA battery varies between 55% 
and 75%; the energy efficiency of the LFP battery cell varies 
between 88% and 98%, while for the LTO battery cell varies 
between 86% and 99%. Moreover, it was observed that the 
energy efficiency is monotonically decreasing when the 
current rates are increasing. 
 
E. Life time 
Lifetime of batteries represents also an important 
parameter for UPS applications. The expected lifetime of the 
batteries, which have been tested, is different. Thus, the 
VRLA batteries are expecting to have a calendar lifetime of 5 
years at fully charge state and their standard working 
temperature (25oC). According to Zanei et all., an increase 
from the standard working temperature would result in a 
 
decrease of the life expectancy of VRLA battery. On the 
other hand, Li-ion batteries show a longer lifetime 
expectation. The lifetime at 50% SOC and 25oC working 
temperature is estimated to be 20 years for LFP batteries and 
25 years for the LTO batteries. Moreover, the lifetime at fully 
charge state (100% SOC) and the same working temperature 
decrease to 12.6 years for LFP batteries and 15.75 years for 
LTO batteries [11]. 
According to Table II and assuming that each event occurs 
with maximum current after the same period, a one year 
mission profile characteristic for batteries used in UPS 
applications was derived. The mission profile in terms of 
SOC and temperature is illustrated in Figure 16. As it is 
presented in this figure, UPS systems are not very often 
cycled, so in this case the calendar lifetime is more relevant. 
 
 
 
Figure 16 UPS mission profile for 1 year and the working operation 
temperature 
 
F. Self-discharge 
Batteries are losing their charge capacity when they are 
stored for a certain period of time at certain temperature. 
During the stored period, batteries are losing a part of their 
charge due to the self-discharge (reversible capacity loss) 
[10]. The self-discharge characteristic varies from battery 
technology to battery technology and depends on the storage 
temperature and SOC at which the battery is idling. For UPS 
applications, information about the self-discharge is very 
important because the batteries are remaining in standby 
(idling) mode for prolonged periods and lost energy has to 
replenished. 
Figure 17 presents the measured self-discharge/day for all 
three batteries when stored in a thermal chamber at 25oC. 
From Figure 17, it can be observed that Li-ion batteries are 
characterized by a low self-discharge rate of approximatively 
0.01% per day for the LFP battery cell and 0.18% per day for 
the LTO battery cell. However, the self-discharge rate is 
highly influenced by the storage temperature and SOC [10]; 
thus, the results presented in Figure 17 should be treated with 
caution if other storage conditions than the ones mentioned 
are targeted. 
 
 
 
Figure 17 Batteries self-discharge after 1 day at 25oC  
 
 
 
Figure 17 Energy cost for the batteries under study 
 
G. Cost 
In UPS systems, the cost of the energy storage system is an 
important parameter of the total cost. Furthermore, the cost of 
Li-ion batteries may limit their use in UPS applications. 
Figure 17 illustrates the comparison in terms of energy 
cost measured in $/Wh for the batteries under study. As it can 
be observed that the price for LTO battery cell is double 
compared with LFP battery cell, and 10 times higher 
compared with VRLA battery cell. However, this increased 
cost can be compensated by a longer calendar lifetime of the 
LFP and LTO batteries in comparison with the VRLA 
batteries. Nevertheless, in order to draw valuable 
conclusions, detailed economic studies have to be performed. 
 
V. CONCLUSIONS 
 
In a UPS system the most important factors regarding the 
battery behavior are the amplitude of the load current and the 
environmental operating conditions. All these factors are 
affecting the performance and lifetime of the UPS-battery.  
This paper has presented a comparative study between two 
different Li-ion battery chemistries and a VRLA battery, 
which is used at present in UPS applications. The results 
show that the LFP and LTO based battery cells have good 
 
performance in terms of fast charge capabilities, energy 
efficiency and discharge/charge capabilities. Moreover, both 
Li-ion batteries investigated have a lower self-discharge rate 
(approx.10 times less) in comparison with the VRLA battery. 
Regarding the working temperature, the tested batteries were 
operated at the same temperature range and shown similar 
effect on battery capacity. 
Another important aspect is related with the batteries’ size. 
Because of their inherent characteristics, Li-ion batteries are 
smaller and lighter in comparison to VRLA batteries, 
whereas a smaller weight allows for easier handling. Thus the 
battery service and maintenance can be made easier. Periodic 
maintenance service (e.g. voltage check, load testing) can 
detect premature failure, which can be solved before the 
system goes down totally. These periodic verifications can 
extend the battery lifetime. Additionally, Li-ion batteries 
have no gas emissions and environmental restrictions, so that 
they can operate in totally sealed environment. Moreover, 
LFP and LTO battery technology are one of the safest lithium 
battery chemistries due to their improvement in terms of 
thermal stability. 
Consequently, based on the presented results it can be 
concluded that Li-ion battery technology may represent in the 
future a competitive solution for the UPS manufacturers if 
the replacement of the VRLA batteries is desired. However, 
more detailed case specific studies should be performed in 
order to evaluate economic feasibility of different types. 
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Abstract—Lithium-ion (Li-ion) batteries are found nowadays
not only in portable/consumer electronics but also in more power
demanding applications, such as stationary renewable energy
storage, automotive and back-up power supply, because of their
superior characteristics in comparison to other energy storage
technologies. Nevertheless, prior to be used in any of the afore-
mentioned application, a Li-ion battery cell must be intensively
characterized and its behavior needs to be understood. This can
be realized by performing extended laboratory characterization
tests and developing Li-ion battery performance models. Fur-
thermore, accurate performance models are necessary in order
to analyze the behavior of the battery cell under different mission
profiles, by simulation; thus, avoiding time and cost demanding
real life tests. This paper presents the development and the
parametrization of a performance model for a commercially
available 13Ah high-power lithium titanate oxide battery cell
based on laboratory-performed extended characterization tests.
I. INTRODUCTION
Today, Li-ion batteries power many of our most common
portable electronic devices such as laptops, cell phones, tablets,
etc. Besides the consumer electronics sector, Li-ion batteries
are the first choice for the automotive mobility sector and they
are more and more considered for grid support and back-up
power supply applications, as well [1]. The intensive use of this
energy storage technology in various sectors is due to the con-
tinuously improvement of their performance in the last decade.
Generally, Li-ion batteries are characterized by high power
capability, high efficiency, long calendar and cycle lifetime and
intrinsic safety [2]. On the other hand, the main drawback of
the Li-ion batteries is their cost. Therefore, driven by the cost
limitation, it becomes necessary to determine the suitability for
a certain application and to study the performance behavior of
a Li-ion battery under different operating conditions (which
are characteristic for that application). In order to achieve this
goal, accurate performance models become indispensable [3];
it is more economical and time effective to run simulations than
to test the batteries in real applications. Nevertheless, develop-
ment of accurate performance models is not a straightforward
task since the performance parameters of the Li-ion batteries
(voltage, capacity and internal resistance) are highly dependent
on their operating conditions (temperature, state-of-charge and
This research work is part of the ”ALPBES Advanced Lifetime Predictions
of Battery Energy Storage” project, which is financially supported by The
Danish Council for Strategic Research.
load). Thus, in order to account for all these dependences,
extended laboratory characterization tests are required.
The family of Li-ion is vast; however, this research was
carried out for a Li-ion battery based on the lithium titanate
oxide (LTO) chemistry. Li-ion batteries based on Li4Ti5O12
(further referred as LTO) anode represent a very promising
candidate for stationary renewable energy storage, automotive
(hybrid electric vehicles and plug-in hybrid electric vehicles)
as well as for backup power applications because of their
outstanding properties, which include: high cycling stability,
high rate charge/discharge capability (up to 10C for both
continuously charging and discharging case), high thermal
stability in both charge and discharge state, as well as low
temperature operation [4].
The focus of this paper was to develop a performance
model for a high-power LTO battery cell, which predicts with
accuracy the battery voltage independent of the load profile.
The performance model was parameterized based on the results
obtained by carrying out extended battery characterization
tests. The electrical equivalent circuit (EEC) of the LTO-based
battery cell performance model was developed and parametrize
based on results obtained from electrochemical spectroscopy
(EIS) measurements.
This paper is organized in the following manner. Section
II provides an overview of LTO battery cells and their charac-
teristics in comparison with other Li-ion battery chemistries.
Section III presents the experimental set-up and the procedure
used for performing the extended characterization tests. Sec-
tion IV presents the structure of the LTO-based performance
degradation model and illustrates the results obtained during
the model verification stage.
II. LITHIUM TITANATE OXIDE BATTERIES
Lithium titanate oxide is a promising anode material for
Li-ion batteries. LTO-based batteries are using lithium titanate
nanocrystals on the anode surface, instead of carbon. This
fact represents an advantage for the LTO battery cells because
they can release ions repeatedly for recharging and rapidly
for high current [5]. LTO has a spinel-framework structure
and is characterized by a two-phase electrochemical process
evolving with a relative flat voltage profile [2]. Moreover,
LTO-based batteries offer advantages in terms of power and
chemical stability, but they have a lower voltage level than
TABLE I. COMPARISON OF LI-ION BATTERIES [4]
Material Specific capacity Nom. voltage Energy density Cycle life[mAh/g] [V] [Wh/kg] [cycles]
LCO 140 3.7 110 - 190 500 - 1000
LMO 146 3.8 100 - 120 1000
NCA 180 3.6 100 - 150 2000 - 3000
NMC 145 3.6 100 - 170 2000 - 3000
LFP 170 3.3 90 - 115 > 3000
LTO 170 2.2 60 - 75 > 5000
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Fig. 1. Measurement procedure for the characterization of the battery cell at
the beginning of life
TABLE II. BATTERY CELL UNDER TEST AND ITS CHARACTERISTICS
Property Value
Nominal capacity 13 Ah
Nominal voltage 2.26 V
Max. charging voltage 2.9 V
Min. voltage 1.5 V
Max. charge current 130 A
Max. discharge current 130 A
Operating and storage temperature -40oC to +55oC
Design life 25 years
other Li-ion battery chemistries (see Table I). However, this
lower operating voltage brings advantages in terms of safety.
Furthermore, this battery technology is characterized by a high
rate charge/discharge capability (i.e., up to 10C-rate for both
charging and discharging case).
III. EXPERIMENTAL DESCRIPTION
In order to investigate the performance behavior of Li-ion
battery cells for various operating conditions, an accurate per-
formance model becomes necessary. The performance model
of the LTO battery cell, which is presented in this paper, was
developed and parameterized based on the results obtained
from an extended characterization test performed in laboratory.
During the characterization tests, the electrical parameters
of the LTO battery cell have been measured at different
temperature levels, at various state-of charges (SOCs) and
considering different charging and discharging currents. The
entire test procedure which provided the necessary parameters
for the development of the battery cell performance model is
presented in Fig. 1.
The characterization tests were conducted on a fresh high-
power pouch LTO battery cell that is illustrated in Fig. 2. The
most important electrical and thermal parameters of this LTO-
based battery cell are summarized in Table II.
The tests presented in Fig. 1 were performed using a
Digatron battery test station. During all of the performed
measurements, the LTO battery cell was placed inside a climate
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Fig. 2. Measurement procedure for the characterization of the battery cell at
the beginning of life
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Fig. 3. Capacity of the LTO-based battery cell measured during charging
(top) and discharging (bottom) with different current rates and temperatures
chamber and its temperature was continuously measured by
means of a thermocouple. The measurement procedure of the
performance parameters of the LTO battery cell and the ob-
tained results are briefly described in the following subsections.
The preliminary measurements, mentioned in Fig. 1, con-
sisted of a formation test and a relaxation test. The purpose
of the formation test was to ensure that the LTO-based battery
cell has a stable capacity. Furthermore, the relaxation test was
used to determine the relaxation period to which the battery
should be subjected before measuring each of its parameters
at different conditions.
A. Capacity measurements
The capacity measurement tests of the LTO battery cell
have been carried out at five different temperatures (from
5◦C to 45◦C with a resolution of 10◦C) and with different
charge/discharge current rates (0.25C, 0.5C, 1C, 2C, 3C, 4C,
7C, and 9C). Prior to the start of the charging and discharging
process, a 4 hours relaxation time was applied, in order
to allow the battery to reach thermal and electrochemical
equilibrium conditions. The LTO battery cell was charged
following a constant current-constant voltage (CC-CV) profile
and discharged using a constant current (CC) profile.
The measured charged and discharged capacity values at
the aforementioned conditions are shown in Fig. 3.
B. Open circuit voltage measurements
The open circuit voltage (VOC) of the battery cell is
dependent on the operating conditions and it varies with the
SOC and temperature. Thus, the VOC of the LTO battery
cell was measured for both charging and discharging cases at
the same temperatures as in the capacity measurements case
and considering the whole SOC interval (0% - 100%) with a
5% SOC resolution. During the VOC measurement test, the
battery was charged and discharged with 0.5C-rate between
consecutive SOC steps until the end of charge, respectively
discharge was achieved. The VOC value was measured at
each considered SOC after allowing two hours of relaxation
time; the same procedure was considered for both charging
and discharging cases.
The measured VOC values from 5◦C to 45◦C during charg-
ing and discharging are shown in Fig. 4. It can be observed
that the values of VOC are very similar independent on the
temperature, except for 0% SOC and 100% SOC. The VOC
results obtained at 25◦C for both charging and discharging
cases are illustrated in Fig. 5. As one can observe, for the
studied LTO-based battery cell, no hysteresis is present on the
VOC characteristic.
Fig. 4. Measured VOC during pulse charging (top)/discharging (bottom) at
various temperatures
Fig. 5. VOC measurements during pulse charging/discharging at T=25◦C
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Fig. 6. Voltage response of a battery cell due to a discharging current pulse
C. Internal resistance measurements
Different approaches can be followed in order to measure
the internal resistance of a Li-ion battery cell; however, the
most frequently used one is the DC current pulse technique
[6]. Following this method, the internal resistance of the LTO
battery cell was determined by applying a charging and/or
discharging current pulse to the battery cell and measuring
the resulting change (rise or drop) in the voltage.
The internal resistance measurement tests have been carried
out at different temperatures (from 5◦C to 45◦C with a
resolution of 10◦C), considering different C-rates (0.1C, 0.5C,
1C, 2C, 3C, 4C, 7C, 9C) and for various SOCs (5% - 95%
with a resolution of 5%). Moreover, the internal resistance
was measured for both charging and discharging DC current
pulses considering a 15 minutes relaxation time between two
consecutive current pulses. The length of one charging or
discharging current pulse was set at 18 seconds [7].
Fig. 6 illustrates the theoretical voltage drop response
caused by applying a discharge current pulse at the terminals
of the battery. The internal resistance of the battery cell is
calculated in accordance with Ohm’s Law as given in (1).
Ri =
∆V
∆I
=
V0 − V1
I
(1)
where, V0 represents the initial voltage, V1 represents the
voltage droop after 18 seconds and I represents the measured
current (discharge current) pulse.
In Fig. 7 is illustrated the effect of different current rates
on the LTO battery cell voltage drop measured at 25◦C and
50% SOC. As it can be observed in Fig. 7, the voltage drop
increase proportionally with the incrementally increase in the
C-rate.
The internal resistance of the LTO-based battery cell mea-
sured for a 1C-rate (i.e., 13 A) charging/discharging pulse, at
25◦C and different SOC levels, is presented in Fig. 8.
As it can be observed from Fig. 8, the internal resistance
of the LTO-based battery cell follows a parabolic dependence
on the SOC, for both charging and discharging cases. The
characteristic of the charging internal resistance as function of
SOC is relatively flat in the interval 20-80% SOC (this trend
is visible also for the discharging internal resistance).
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Fig. 7. Voltage response of a battery cell due to a discharging current pulse
(T=25◦C, SOC=50%, different C-rates)
Fig. 8. Internal resistance during pulse charging and discharging of the LTO
battery cell at different SOC values (T=25◦C, 1C-rate)
D. Electrochemical impedance spectroscopy measurements
Electrochemical impedance spectroscopy (EIS) is a mea-
surement technique that can be used for modeling and char-
acterizing the battery cells. It is a well-established tool for
analysis of the dynamic behavior of batteries, since it can
provide detailed information about the processes inside the
battery and its state [8]. The dynamic behavior of Li-ion
batteries depends on several factors which include temperature,
SOC, current and age [9]. Thus, EIS is a method of choice for
the parametrization of the performance model.
EIS measurements were performed on a fresh LTO battery
cell in galvanostatic mode at different operating conditions. In
order to obtain more information about the subjected battery
cell, the influence of the temperature at different SOC levels,
as well the influence of the SOC at different temperature levels
were analyzed. For this analysis, five different temperature
levels (5◦C, 15◦C, 25◦C, 35◦C, 45◦C) and SOC levels between
0% and 100% with a 5% resolution were considered. Similar
as in the case of the internal resistance measurement tests, a
relaxation time of 15 minutes was applied between the 5%
incremental change in the SOC and the corresponding EIS
measurement. The complex impedance spectra were measured
in the frequency range of 6.5 kHz to 10 mHz. All the
EIS measurements were performed without superimposed DC
Fig. 9. Impedance spectra of LTO battery cell at different temperatures
Fig. 10. Impedance spectra of LTO battery cell at different SOC levels
current; thus, the effect of the current on the impedance spectra
was not considered.
The impact of temperature and SOC on the impedance
of the LTO battery cell is illustrated in Fig. 9, respectively
10. In Fig. 9 is illustrated the dependence of the impedance
spectra on the temperature considering a constant SOC of
50%, while in Fig. 10 is illustrated the dependence of the
impedance spectra on the SOC considering a temperature of
25◦C. As it can be observed from Fig. 9 and Fig. 10, the ohmic
resistance (intersection of impedance spectra with the real axis)
is increasing with the increase of temperature. Nevertheless,
the ohmic resistances are not changing with changing SOC
value. Moreover, a notable decrease of the diameter of the first
semicircle of the impedance spectra is observed by increasing
the temperature and by decreasing the SOC level.
E. Impedance-based electrical model
The configuration of the equivalent electrical circuit (EEC)
used for curve fitting the measured impedance spectra of LTO
battery cell is presented in Fig. 11. The curve fitting was
performed for both real and imaginary impedance parts simul-
taneously, using a complex nonlinear least squares regression
algorithm.
The selected EEC consists of a series ohmic resistance
(Rs), a series inductance (Ls) and two parallel ZARC ele-
ments. The impedance of the selected EEC is given by (2).
LS Rs
ZARC1
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CPE
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CPE
Fig. 11. EEC based on ZARC elements
Fig. 12. Measured and fitted EIS of the LTO battery cell
ZEEC = jωLs + Rs +
1
1
R1
+ (jω)N1Q1
+
+
1
1
R2
+ (jω)N2Q2
(2)
where ω is the angular frequency, Q1 and Q2 are the gen-
eralized capacitance, N1 and N2 are the dispersion factors.
The generalized capacitances are modeled as a constant phase
element (CPE) with a depression factor.
Based on the EIS measurements and considering the EEC
presented in Fig. 11, the impedance spectra of LTO battery
cell were curve fitted and the parameters of the EEC were
extracted. This procedure was repeated for all impedance
spectra measured at the considered temperatures and SOC
levels. In order to illustrate the suitablity of the chosen
EEC configuration for curve fitting the measured impedance
spectra of the LTO-based battery cells, a comparison between
measured and fitted EIS curves is presented in Fig 12.
During the curve fitting process, it has been observed that
both depression factors N1 and N2 are not dependent on the
temperature and on the SOC; furthermore, the parameter Ls
was found to be dependent on temperature and not on SOC.
All the other parameters of the EEC, Rs, R1, Q1, R2, and Q2,
were found to be strongly dependent on temperature and SOC.
For exemplification, Fig. 13 - 17 presents the dependence of
these parameters on the SOC for a temperature of 25◦C.
After fitting the EIS curves for all measured SOCs at the
considered temperature levels, the dependence of the EEC
parameters on the operating conditions were obtained. These
dependencies have been implemented as look-up tables and
used in the performance model for the LTO battery cell.
Fig. 13. Dependence of the series resistance Rs on the battery cell SOC for
T = 25◦C
Fig. 14. R1 Dependence of the series resistance R1 on the battery cell SOC
for T = 25◦C
Fig. 15. Dependence of the series resistance Q1 on the battery cell SOC for
T = 25◦C
IV. PERFORMANCE MODEL
A. Structure of the model
The performance models of Li-ion battery should be able
to predict with accuracy the electrical performance, mainly the
voltage, of the battery cell at different operating conditions
(load current, temperature, and SOC). In order to obtain the
performance model of the subjected battery cell, different
Fig. 16. Dependence of the series resistance R2 on the battery cell SOC for
T = 25◦C
Fig. 17. Dependence of the series resistance Q2 on the battery cell SOC for
T = 25◦C
approaches can be followed, depending of the purpose of the
model. These approaches, which are characterized different
degrees of complexity and different modeling purposes, can
be divided in three main categories: electrochemical approach,
mathematical approach, and electrical approach [10].
The electrical approach has been used in this research work
to model the performance behavior of the studied LTO-based
battery cell. The performance model was parameterized based
on the results obtained from the extended characterization
tests. Furthermore, the EEC of the performance model was
parametrized based on the results obtained from curve fitting
the battery cell impedance spectra, as shown in the previous
section.
The structure of the proposed model of the LTO-based
battery cell is presented in Fig. 18. It can be observed that the
initial value of SOC, the cell current and the temperature are
inputs of the model, while the LTO battery cell voltage is the
output of the proposed model. The capacity of the LTO battery
cell was measured under different charge/discharge currents,
under different temperature levels, and was implemented as a
two-dimensional look-up table, for charging and discharging
cases respectively. The actual battery cell SOC was determined
by integrating the battery cell current, and it was related to
the actual cell capacity, as given in (3). The open-circuit
Capacity
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Impedance 
calculation
Battery 
VoltageOpen circuit voltage
Fig. 18. Battery model at the beginning of lifetime
voltage was implemented as a look-up table dependent on the
temperature and SOC. The values of the EEC parameters were
obtained from EIS measurements after fitting the measured
impedance spectra. Each EEC parameters is dependent on
temperature and SOC, and was implemented as well as a two-
dimensional look-up table.
SOC = SOCi −
1
Cmeas
∫
Ibatdt (3)
The battery voltage (4) was obtained by summing the
contribution of the VOC with the voltage contributions of the
EEC.
VBat = VOC + IBat · (jωLs + Rs +
+
1
1
R1
+ (jω)N1Q1
+
1
R2
+ (jω)N2Q2) (4)
B. Model Verification
In order to verify and determine the accuracy of the
developed performance model of the LTO battery cell, different
charging and discharging voltage profiles measured in the
laboratory conditions were compared with the corresponding
voltage profiles estimated by the model. The accuracy of
the LTO battery cell performance model was evaluated by
computing the fit statistic, R2 that is defined as:
R2 = 1 −
SOC=100∑
SOC=0
(
VMODEL(SOC) − VLAB(SOC)
)2
SOC=100∑
SOC=0
(
VMODEL(SOC) − V LAB
)2
(5)
The value of R2 has to be closer to 1 for a high ac-
curacy of the model. In Fig. 19 and Fig. 20, there are pre-
sented comparisons between estimated and measured voltage
charge/discharge characteristics obtained for different C-rates
at 25◦C. Moreover, for all the presented voltage profiles, the
corresponding R2 are given in Table III.
As it can be observed from Fig. 19 and Fig. 20 and
by analyzing the results summarized in Table III, it can
be concluded that, the proposed model is able to estimate
accurately the voltage of the LTO battery cell during charging
and discharging with different C-rates.
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Fig. 19. Measured and estimated voltage profiles for charging with different
currents at T=25◦C
TABLE III. R2-VALUE OBTAINED FOR CHARGE/DISCHARGE VOLTAGE
PROFILE
C-rate R
2
Charging Discharging
0.25C 0.993 0.988
0.5C 0.995 0.992
1C 0.998 0.993
2C 0.998 0.991
3C 0.995 0.988
4C 0.991 0.983
7C 0.976 0.989
9C 0.952 0.991
V. CONCLUSION
This paper has investigated the performance behavior of
a commercially available 13Ah high-power lithium titanate
oxide battery cell. In order to develop a performance model
for the studied LTO battery cell an extended laboratory
characterization procedure was proposed; this procedure was
composed of capacity, open circuit voltage, internal resistance
and EIS measurements. Based on the proposed characterization
procedure, the performance parameters of the LTO battery
cell were measured at beginning of life considering different
temperatures, SOCs and C-rates. The results obtained from the
characterization tests were used to develop and parameterize
the performance model of the LTO battery cell. The devel-
oped performance model for the LTO-based battery cell was
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Fig. 20. Measured and estimated voltage profiles for discharging with
different currents at T=25◦C
verified using various charging/discharging C-rates, showing a
good agreement between the measured and estimated voltage
profiles.
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This paper studies the impedance characteristics of a fresh 13 Ah 
high-power lithium titanate oxide (LTO) battery cell and analyses 
its dependence on the temperature and state-of-charge. The 
impedance of the battery cell was measured by means of the 
electrochemical impedance spectroscopy (EIS) technique for the 
entire state-of-charge (SOC) interval and considering five 
temperatures between 5°C and 45°C. By analyzing the measured 
impedance spectra of the LTO-based battery cell, it was found out 
that the cell’s impedance is extremely dependent on the operating 
conditions. By further processing the measurements data by means 
of curve fitting, it was found that the parameters of the equivalent 
electrical circuit (and the corresponding electro-chemical 
processes) are following different dependencies on the SOC, which 
in most of the cases are only slightly changing with the 
measurement temperature. 
 
 
Introduction 
 
Besides the electric vehicle applications, where at present they are the technology to 
choose, Lithium-ion (Li-ion) batteries are seen as the future key energy storage 
technology for a wide variety of applications such as grid support, microgrids, and even 
UPS systems. This has become possible thanks to the research and development efforts, 
which have allowed to commercialize Li-ion batteries with increased performance and 
lifetime characteristics at a continuously decreasing price. 
 
     Among the available Li-ion chemistries available on the market, the LTO-based 
battery cells differentiates mainly because of the lithium titanate oxide compound, which 
is used as anode active material (the vast majority of the Li-ion chemistries use graphite 
as anode active material); this material allows for a repeatedly release of ions for fast 
charging and discharging of the battery cells with high currents (1). Due, to the use of this 
material, LTO-based battery cells are characterized by a reduced nominal voltage level, 
i.e., 2.2 – 2.3 V, and thus a reduced energy density, in comparison with other Li-ion 
battery chemistries. However, the lower voltage of this technology brings advantage in 
terms of increased safety and long lifetime. Furthermore, LTO-based battery cells are 
characterized by a high rate charge/discharge capability (i.e., up to 10 C-rate) (1, 2). 
 
The performance of Li-ion battery cells is given by their nominal capacity, open 
circuit voltage, and impedance. Whereas for most of commercially available Li-ion 
battery cells, their capacity and open circuit voltage is only slightly influenced by the 
temperature, the impedance is highly dependent on the temperature as well as on the 
state-of-charge (SOC) (3). Moreover, the impedance represents an important parameter 
10.1149/07001.0291ecst ©The Electrochemical Society
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that is used to describe and investigate the dynamic behavior of Li-ion battery cells. Thus, 
accurate estimation of this parameter and its dependence on the operating conditions (i.e., 
SOC and temperature) becomes necessary in order to define optimal energy management 
strategies, size battery packs and systems etc. Two techniques are available for measuring 
the impedance of Li-ion batteries, the electrochemical impedance spectroscopy (EIS) 
technique and the current pulse technique (3, 4). 
 
In this research work, the impedance characteristic of a 13 Ah high-power LTO-based 
battery cell is determined using the EIS technique for a wide range of temperature and 
SOC levels. Moreover, the dependency of the LTO-based battery cell impedance on both 
temperature and SOC has been investigated. 
 
 
Electrochemical Impedance Spectroscopy 
 
EIS technique is a reliable and non-destructive method that can be used for 
characterizing and modeling the dynamic behavior of Li-ion battery cells (5). 
Furthermore, this measurement technique allows for obtaining battery performance 
models whose elements are corresponding to physic-chemical processes inside the battery 
cell such as ohmic conduction, solid electrolyte interface, charge transfer and diffusion 
process (5, 6). The EIS measurement consists in applying a small sinusoidal voltage 
(potentiostatic mode) or current (galvanostatic mode) signal to the battery cell, and 
measuring the phase shift and amplitude of the output voltage or current, respectively by 
repeating this procedure for many frequencies in a given frequency range (7). The 
impedance can be calculated by using the following equation: 
 
Z = (U * sin(ωt))/(I * sin(ωt - Φ))    [1] 
 
where, U and I represent the amplitude of voltage and current signals, ω is the angular 
frequency and Φ is the phase shift. Furthermore, the impedance can be separated in real 
and imaginary part.  
 
Generally, the results of the EIS measurements are displayed in a Nyquist plot, where 
the inverse of the imaginary part of the impedance is plotted against its real part. Figure 1 
presents the most general Nyquist diagram of a Li-ion battery cell.  
 
 
 
Figure 1. Schematic representation of a typical Nyquist diagram of Li-ion batteries 
 
The impedance spectrum has five different regions, which in literature are related to 
specific processes as follows: at very high frequency, the impedance spectrum shows an 
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inductive behavior, which is caused by the wires at the anode and cathode of the battery 
cell; the value of the impedance spectrum at the point where Im(Z) = 0 (i.e., intersection 
of the spectrum with Re-axis) represents the ohmic resistance; the first semicircle is 
usually related to the presence of the solid electrolyte interface (SEI) layer and it can be 
neglected, if it is small relative to the second semicircle; the second semicircle represents 
the double layer capacity and charge transfer resistance; at low frequency values, the 
impedance spectrum corresponds to the diffusion process. The local maximum (fmax) 
point on the impedance spectrum defines the dynamic of the voltage response by current 
changes. Thus, the lower frequency value in this point, the slower the voltage change at 
fast current changes (4). 
 
 
Experimental 
 
Battery Cell under Test 
 
All the EIS experiments in this work were carried out on a fresh high-power pouch 
LTO-based battery cell. The LTO-based battery cell’s specifications including the 
manufacturer’s imposed limits are summarized in Table I. The cell was tested at its 
beginning of life (BOL), using a Digatron MCT battery test station. Figure 2 shows the 
battery cell wiring on a test fixture place inside the temperature chamber. 
 
TABLE I.  Characteristics of LTO-based battery 
cell 
Property Value 
Nominal capacity 13 Ah 
Nominal voltage 2.26 V 
Max. charging voltage 2.9 V 
Min. voltage 1.5 V 
Max. charge current 130 A 
Max. discharge current 130 A 
Operating temperature -40°C to +55°C 
Design life 25 years 
Cathode Li(NixMnyCoz)O2 
Anode Li4Ti5O12 
 
 
Figure 2.  LTO battery cell mounted on 
a test fixture during EIS measurements 
 
In order to allow for reliable measurements and to investigate the effect of 
temperature on the impedance characteristic, the LTO-based battery cell was placed 
inside a climate chamber, where the ambient temperature was controlled. The 
temperature of the battery was continuously measured by means of a thermocouple 
placed directly on the cell and covered with insulation.  
 
Experimental Description 
 
The measurement of the battery impedance using the EIS technique was performed 
using a battery test bench with an integrated EIS meter device manufactured by Digatron. 
The AC impedance spectrum of LTO-based battery cell was measured, in galvanostatic 
mode, at five different temperature between 5°C and 45°C (with 10°C resolution) and 
SOC levels between 0 % and 100 % (with a 5 % resolution) by following the procedure, 
which is summarized below: 
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1. Tempering the battery cell for 2 hours at the test temperature; 
2. Full discharging of the battery cell by applying a 0.5 C-rate (6.5 A) current; 
3. Relaxation of the battery for 3 hours; 
4. EIS measurement at 0 % SOC using the impedance measurement parameters 
presented in Table II; 
5. Charging the battery cell with a 0.5 C-rate to the next test SOC; 
6. Relaxation of the battery cell for 30 minutes; 
7. EIS measurement using the impedance measurement parameters presented in 
Table II; 
8. Repetition of step 5 – 7 for the SOC interval 5:5:100 % SOC. 
 
TABLE II.  Parameters of impedance measurements for LTO-based battery cell 
Parameter Parameter range 
Frequency 10 mHz - 6.5 kHz 
Recorded points per decade 8 
C-rate 0.5 C-rate 
Pause time after ΔSOC 30 min. 
DC current-offset 0 A 
 
The impedance spectra of LTO-based battery cell, which was measured at cells’ BOL 
at 50 % SOC, under normal operating temperature, 25°C, is presented in Figure 3. The 
shape of the impedance spectra presented in Figure 3 differs from the shape presented in 
Figure 1, since the shape of the impedance spectra varies depending on the chemistry of 
Li-ion battery cell.  
0.6 0.8 1 1.2 1.4 1.6 1.8 2
x 10
-3
-1.5
-1
-0.5
0
0.5
1
x 10
-3
Re Z []
-I
m
 Z
 [
 ]
 
 
366 Hz
20.56 Hz
10 mHz
6.5 kHz
1.54 Hz
 
Figure 3.  Impedance spectra of LTO-based battery cell at BOL (T = 25
°
C, 50 % SOC) 
 
 
Experimental Results 
 
Dependence of LTO-based Battery Cell Impedance on Temperature 
 
The LTO-based battery cell impedance spectra, which were obtained by performing 
measurements at five temperature points, are compared and the impact of temperature is 
illustrated in Figure 4. Similar analyses were performed and reported in literature for 
other Li-ion batteries chemistries: nickel-cobalt-aluminium (3), nickel-manganese cobalt 
(4), lithium iron phosphate (8). 
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Figure 4.  The influence of the temperature on the impedance spectra of LTO-based 
battery cell at different SOCs (please note the different scale of the graphs) 
 
In general, the basic shape of the impedance spectrum of the LTO-based battery cells 
has remained unchanged independent on the operating conditions. As expected, the 
impact of temperature on the impedance spectrum was strong and has influenced 
different sections of the characteristics as follows: the interception point of the spectrum 
with the Re-axis is moving towards the right side of the Nyquist plot, with increasing 
temperature, suggesting an increase of the battery cell’s ohmic resistance. The frequency 
at the Re-axis intersection has higher values for decreasing temperatures. Furthermore, a 
significant change was observed on the diameter of the first semicircle, which has 
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decreased with the increase in temperature, suggesting a decrease of the charge transfer 
resistance. A not clear influence of the temperature on the impedance’ section belonging 
to the diffusion part was observed; furthermore, the inductive-section of the impedance 
spectra was not changing with the measurement temperature, as well. The 
aforementioned trends were observed independent on the considered SOC levels at which 
the EIS measurements had been performed as illustrated in Figure 4.a. – Figure 4.e. 
 
Dependence of LTO-based Battery Cell Impedance on SOC 
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Figure 5.  The influence of the SOC on the impedance spectra of LTO-based battery cell 
at different temperatures (please note the different scale of the graphs) 
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EIS measurements were performed at twenty one SOC levels (0:5:100 %). For an 
easy understanding of the dependence of the LTO-based battery cell impedance spectra 
on the SOC, the measured impedance characteristics are presented for only five SOC 
levels, from 10 to 90 % SOC with 20 % resolution, as shown in Figure 5.  
 
The impact of SOC on the impedance spectrum is also strong and has affected mainly 
the diameter of the first semicircle, which has decreased with the increase in SOC. 
Similar to temperature, this effect suggests a decrease of the charge transfer resistance. 
Moreover, the slope of the linear diffusion part of the impedance spectrum changes as a 
function of SOC. Furthermore, in contrast to the influence of the temperature, only a 
reduced variation of the impedance spectrum’s intercept with the Re-axis (i.e., the ohmic 
resistance) was observed with varying the battery cell’s SOC level. The aforementioned 
effects, were observed independent on the considered temperature at which the EIS 
measurements has been performed as displayed in Figure 5.a – Figure 5.e. Additionally, 
at low temperature, i.e., 5
°
C, two semicircles are distinguished in the impedance spectra, 
independent on the SOC at which the measurements were performed. While, the first 
semicircle did not show a significant SOC dependency, a notable decrease of the 
diameter of the second semicircle is observed by increasing the SOC level.  
 
 
Impedance-based model 
 
In order to understand the influence of the operating conditions on the 
electrochemical processes that are governing the tested LTO-based battery cell, the 
measured impedance characteristics needed to be further processed. This goal was 
achieved by curve fitting the AC impedance measurements using a complex non-linear 
least square (CNLS) algorithm and considering an equivalent electrical circuit (EEC). 
 
Equivalent Electrical Circuit 
 
The selected configuration of the EEC consists of a series inductance (Ls), a series 
ohmic resistance (Rs), and two series ZARC elements (5), as illustrated in Figure 6. 
ZARC elements are a parallel connection of a resistor (R1 and R2) and a constant phase 
element (CPE), which consists of a generalized capacity (Q1 and Q2) and a depression 
factor (N1 and N2). Each of these electrical elements corresponds to different processes 
that take place inside the Li-ion battery cells, static (ohmic behavior) and dynamic 
(charge transfer and double layer process). 
 
 
Figure 6. EEC configuration of the EIS-based model 
 
The impedance of the selected EEC is given by the following equation: 
 
ZEEC = jωLs + Rs + 1/(1/(R1 + (jω)N1Q1)) + 1/(1/(R2 + (jω)N2Q2))    [2] 
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Equivalent Electrical Circuit Parameters Estimation 
 
In order to estimate the parameters of the selected EEC, the measured impedance 
spectra, which are presented in Figure 4 and Figure 5, were fitted using a numerical 
optimization algorithm. The curve fitting of the impedance spectrum was performed for 
both real and imaginary parts of the AC impedance simultaneously, using the CNLS 
algorithm. For exemplification of the fitting procedure and of the suitability of the 
selected EEC, the measured and fitted impedance curves of the LTO-based battery cells, 
corresponding to the test conditions of 25
o
C and 50% SOC, are illustrated in Figure 7. 
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Figure 7. Measured and fitted EIS of the LTO-based battery cell 
 
The same algorithm was applied for all EIS measurements performed at the 
considered temperatures and SOC levels. The curve fitting accuracy was quantified by 
computing the normalized root mean square error of the fitting. For the example 
illustrated in Figure 7, the obtained fitting error was 1.34 %. The maximum fitting errors 
for all the Nyquist curves did not exceed 2.5 %.  
 
Dependence of the EEC’s parameters on SOC and temperature 
 
During the curve fitting process, it has been observed that the EEC parameters N1 and 
N2 are not dependent on the temperature and SOC. Furthermore, the EEC parameter Ls 
was found to be dependent on temperature and not dependent on SOC. The remaining 
EEC parameters are all dependent on temperature and SOC, and their variation with the 
test conditions is illustrated in Figure 8. For an easier analysis and visualization of these 
dependences, the values of the EEC’s parameters have normalized based on the value 
corresponding to 50 % SOC, for each temperature separately. 
 
The series resistance Rs decreases linearly with the increase of the SOC, independent 
on the considered temperature. Furthermore, as one can observe from Figure 8.a, the 
dependence of the ohmic resistance on the SOC is less pronounced for high temperature 
than for low temperature; for example, for a temperature of 5°C the ohmic resistance has 
changed 10 %, while for 45°C only a 4 % change was observed. In the case of the 
parameters of the first ZARC element, the values of the resistance R1 are increasing 
exponentially with decreasing SOC, independent on the considered temperature. 
Furthermore, a clear dependence of this parameter on the temperature was not observed. 
The corresponding generalized capacitance Q1 is strongly dependent on SOC; 
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nevertheless, different SOC-dependence patterns were obtained depending on the 
temperature, as illustrated in Figure 8.c. In the case of the parameters of the second 
ZARC element, the values of both resistance R2 and generalized capacitance Q2 are 
following a parabolic dependence on SOC, for all considered temperatures, as presented 
in Figure 8.d and Figure 8.e, respectively. For R2, this parabolic dependence on SOC was 
observed to be more pronounced for increased temperatures than for low temperatures. 
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Figure 8.  Dependence of EEC parameters on the SOC at different temperatures 
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Conclusions 
 
This paper has investigated the dependence of the impedance characteristic of a 
commercially available 13 Ah high-power lithium titanate oxide-based battery cell on the 
main operating conditions (temperature and SOC). In order to perform this investigation, 
extensive EIS measurements were performed on the considered battery cell at various 
temperatures over the entire SOC range. Both operating conditions showed a very strong 
effect on the battery cells’ impedance spectra. Furthermore, the influence of both 
temperature and SOC on EEC parameters was discussed. Concerning the temperature, a 
difference in the diameter of the semicircle was observed for decreasing temperatures, 
which indicates an increase of the charge transfer resistance with the decrease in 
temperature. Additionally, it was found that the intersection with Re-axis occurs at higher 
frequencies for decreasing temperatures. Moreover, the ohmic resistance value rises with 
the increase in temperature. The change in SOC affects the impedance spectra’s 
semicircle, associated with the charge transfer process, which shows a significant 
decrease with the increase of SOC. In contrast with the temperature, the effect of SOC on 
the ohmic resistance is very small. In the second part of the paper, the influence of 
temperature and SOC on the parameters of the selected EEC, which has been used to 
curve fit the Nyquist diagram, was analyzed. The parameters Rs, R1, R2, Q1 and Q2 are 
showing clear trends when changes in both operating conditions were considered. In the 
same time, the parameter Ls was found to be dependent on temperature and not dependent 
on SOC, and the parameters, N1 and N2, were not dependent on neither temperature nor 
SOC. Thus, N1 and N2 were kept constant for all SOC values and for all considered 
temperatures without affecting the curve fitting error. 
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The pulse power capability (PPC) represents one of the parameters 
that describe the performance behavior of Lithium-ion batteries 
independent on the application. Consequently, extended 
information about the Li-ion battery PPC and its dependence on 
the operating conditions become necessary. Thus, this paper 
analyzes the power capability characteristic of a 13Ah high power 
Lithium Titanate Oxide-based battery and its dependence on 
temperature, load current and state-of-charge. Furthermore, a 
model to predict the discharging PPC of the battery cell at different 
temperatures and load currents for three different state-of-charge 
levels was proposed and parameterized. 
 
 
Introduction 
 
Lithium-ion (Li-ion) batteries have become the preferred energy storage solution for the 
e-mobility manufacturers because of their superior performance in terms of energy 
density, lifetime in comparison to other technologies such as nickel metal hydride or 
lead-acid batteries. Furthermore, these characteristics make Li-ion batteries also suitable 
for different stationary applications (e.g., grid support or renewables’ grid integration), 
where they have been evaluated in various projects in the past years (1). 
 
Traditionally, Carbon (graphite) has been used in Li-ion batteries as anode material 
because of its low cost, good availability and possibility of modifications (2). 
Nevertheless, the limited capacity of graphite and its low potential against Li has lead the 
investigation for alternative anode materials. Among different solutions, Lithium Titanate 
has emerged as an appealing and competitive anode material for Li-ion battery (2), (3). 
Lithium Titanate oxide, Li4Ti5O12 (LTO), is characterized by a two-phase 
electrochemical process evolving with a flat voltage profile (4). The intercalation process 
occurs at a potential of 1.5V against Li+/Li (4). Consequently, this high working voltage 
leads to a decrease in the energy density of the LTO-based Li-ion batteries in comparison 
to the traditional graphite-based Li-ion batteries. Another issue of the LTO material was 
related to its inherent insulating characteristic which resulted into a limited current 
capability; however, this drawback has been overpassed and the electronic conductivity 
of the LTO was enhanced following different solution such as: reduction of particles (e.g., 
nanoparticles) or surface coating. Furthermore, in LTO-based batteries, no electrolyte 
decomposition takes place and thus no solid-electrolyte interface (SEI) formation takes 
place (3) – (5). 
 
At present, LTO-based batteries are characterized by long calendar and cycle lifetime, 
high power capability during both charging and discharging (e.g., up to 10C 
continuously), low temperature operation, and high thermal stability (4), (5). Therefore, 
10.1149/07401.0045ecst ©The Electrochemical Society
ECS Transactions, 74 (1) 45-53 (2016)
45
) unless CC License in place (see abstract).  ecsdl.org/site/terms_use address. Redistribution subject to ECS terms of use (see 130.225.198.216Downloaded on 2017-01-11 to IP 
because of the aforementioned features, LTO-based Li-ion batteries are extremely 
suitable for application which require high power capability and long lifetime, such as 
short-term grid support services (e.g., inertia or frequency regulation) or plug-in hybrid 
electric vehicles. 
 
The capacity and the internal resistance (and subsequently the power capability) are 
the main electrical parameters, which describe the performance of Li-ion batteries; 
nevertheless, in the aforementioned applications, the battery power capability is the 
determinant parameter. Thus, in this work we fully characterize the power capability of a 
13 Ah high-power LTO-based battery cell, by analyzing its dependence on various 
factors such as state-of-charge (SOC), temperature and load current (C-rate). 
 
Experiment Description 
 
Lithium Titanate Oxide-based Battery Cell 
 
The main electrical and thermal parameters of the LTO-based battery cell, which was 
used in this research are summarized in TABLE I. For the same battery cell, a full 
electrochemical impedance spectroscopy study was performed in (6). 
 
TABLE I.  Electrical and thermal parameters of the LTO-based battery cell. 
Property Value 
Nominal capacity 13 Ah 
Nominal voltage 2.26 V 
Maximum voltage 2.9 V 
Minimum voltage 1.5 V 
Max. charge current 130 A 
Max. discharge current 130 A 
Operation and storage 
temperature 
-40°C to 50°C 
Expected lifetime 25 years 
 
 
Pulse Power Capability Measurement 
 
The power capability of Li-ion batteries is not a directly measurable parameter but it 
is directly related to their internal resistance. Thus, in order to determine the pulse power 
capability of the studied LTO-based Li-ion battery cell, its internal resistance was 
measured. Li-ion batteries are extremely non-linear devices with their performance 
parameters, in this case the internal resistance, being dependent on the SOC, temperature, 
and load current (C-rate); additionally, the internal resistance is dependent on the length 
of the current pulse, as well. Therefore, in order to fully characterize the power capability 
of the studied LTO-based battery cell, the internal resistance was measured at five 
different temperatures (i.e., 5°C, 15°C, 25°C, 35°C, and 45°C), over the entire SOC 
interval (5% - 95% SOC with 5% SOC resolution), and with different C-rates (i.e., C/10, 
C/2, 1C, 2C, 3C, 4C, 7C, and 9C). The length of the current pulses was set at 18 seconds 
and a relaxation period of 15 minutes was imposed before the pulse, to allow the battery 
cell to reach quasi-thermodynamic stability. The details of the current pulse profile which 
was applied at each SOC and for all the considered temperatures is presented in Figure 1. 
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Figure 1.  Current pulse profile used to measure the internal resistance of the LTO-based 
battery cells at different SOC and temperatures. 
 
 
During all the experiments the LTO-based battery cell was placed inside a climatic 
chamber, which ensured a stable temperature during all the performed tests. 
 
Pulse Power Capability Calculation. The theoretical current, voltage, and power 
signals during internal resistance measurement are illustrated in Figure 2. The internal 
resistance of the battery was computed based on Ohm’s law as given in [1]. Furthermore, 
according (7), the pulse power capability was computed following equation [2]. 
 
Ri = ∆V / ∆I = (Voc – V1) / I  [1] 
 
PPC = V1 · (Voc – V1) / Ri [2] 
 
where, Ri represents the internal resistance, PPC represents the pulse power capability, 
Voc represents the open-circuit voltage, measured just before the current pulse, V1 
represents the battery voltage at the end of the 18 seconds pulse, and I represents the 
amplitude of the current pulse. 
 
 
Figure 2.  Theoretical current, voltage and power signals during the internal resistance 
measurement. 
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Results 
 
Internal Resistance 
 
The LTO-based battery cell voltage responses to the discharge current pulses applied 
according to the procedure shown in Figure 1 are presented in Figure 3, for the case when 
the measurement was performed at 25°C and 50% SOC. Similar results were obtained for 
the other considered SOC levels and temperatures and are not presented in this work. 
Based on the measured voltage profiles and considering Ohm’s law given in [1], the 
internal resistance of the LTO-based battery cell was calculated for all the conditions; the 
internal resistance characteristic as function of SOC obtained for different temperatures 
and 1C-rate are exemplified in Figure 4. 
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Figure 3.  Battery voltage profile during 
internal resistance measurement with 
different C-rates – measurement performed 
at 25°C and 50% SOC. 
Figure 4.  Internal resistance vs SOC 
characteristic for both charging and 
discharging cases; measurements 
performed at 25°C and 50% SOC. 
 
 
Dependence of the PPC on SOC and small C-rates 
 
Figure 5 presents the determined charging and discharging PPC of the LTO-based 
battery cell for C/10, C/2, and 1C and over the whole considered SOC interval. As it can 
be observed, the PPC vs SOC characteristic follows the same shape for both charging and 
discharging cases for the all the three applied small C-rates. To further analyze the PPC 
vs SOC characteristics, the PPC values were normalized in each of the case to the value 
of the PPC measured at 50% SOC, as illustrated in Figure 6. Thus, when normalized, for 
SOCs higher than 50%, both the charging and discharging PPC of the studied cell show 
the same dependence on the SOC, independent on the C-rate, with a maximum increase 
of approximately 14% obtained at 95%. For SOCs in the interval 25% – 50%, the 
charging and discharging PPC drops with decreasing the SOC following similar patterns 
independent on the applied C-rate. As presented in Figure 6, for SOCs below 25%, the 
dependence of the PPC on SOC follows slightly different patterns depending on the 
considered C-rate; thus, for the charging case a slightly increase of the PPC was 
measured for increased C-rates, while for the discharging case a slightly drop of the PPC 
was measured for increased C-rates. Furthermore, at 5% SOC the cell can offer a PPC 
reduced with approximately 7% during discharging and 5% during charging in 
comparison with the value at 50% SOC (for a 1C-rate current). 
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Figure 5.  PPC vs SOC characteristic 
obtained for battery cell charging and 
discharging with C/10, C/2 and 1C at 25°C. 
Figure 6.  Normalized PPC vs SOC 
characteristic obtained for charging and 
discharging with C/10, C/2 and 1C at 25°C. 
 
 
Dependence of the PPC on SOC and high C-rates 
 
The PPC vs SOC characteristics of the studied cell, which were obtained for high C-
rates (i.e., 4C, 7C, and 9C) at 25°C are presented in Figure 7. Based on the acquired 
results, the LTO-based cell is able to provide up to 325 W and to absorb approximately 
275 W when charged and discharged, respectively, with 117 A (i.e., 9C-rate). In the case 
of the normalized PPC vs SOC characteristics obtained for high C-rates (illustrated in 
Figure 8) one can observed both similarities and differences with the case of the low C-
rates. Once again, for SOCs higher than 50%, both the charging and discharging PPC 
follow the same dependence on the SOC for all the three considered C-rates. Similarly, to 
the previous studied case, a 14 – 15% increase of the PPC is obtained at 95% SOC in 
comparison to the values obtained at 50% SOC. 
 
For SOCs below 50%, the PPC vs SOC characteristic follow exactly the same trend 
independent on the considered charging current. On the contrary, when the PPC vs SOC 
characteristics were obtained for the discharging cases, a large spread in the results was 
observed for SOCs below 40%; namely, the discharging PPC capability of the cell 
decreases fast with the increase of the C-rate. For example, the LTO-based battery cell is 
able to discharge 30% less power at 10% SOC then at 50% SOC for a 9C-rate current. 
Furthermore, it worth to be mentioned that the cell was reaching the cut-off voltage (i.e., 
1.5V) in less than 18 seconds when discharged at 5% SOC with either 91 A (i.e., 7C-rate) 
or 117 A (i.e., 9C-rate). Thus, the discharging PPC at 5% SOC could not be measured. 
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Figure 7.  PPC vs SOC characteristic 
obtained for battery cell charging and 
discharging with 4C, 7C, and 9C at 25°C. 
Figure 8.  Normalized PPC vs SOC 
characteristic obtained for charging and 
discharging with 4C, 7C, and 9C at 25°C. 
 
 
Dependence of the PPC on temperature and C-rate 
 
The evolution of the battery cell’s discharging PPC with the current (C-rate) at 
different temperatures is illustrated in Figure 9 – Figure 11. These plots correspond to the 
cases when the PPC was obtained for a low SOC (i.e., 10%), an average SOC (i.e., 50%), 
and a high SOC (i.e., 90%). 
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Figure 9.  Dependence of the discharging 
PPC on the current at different temperature 
values – 10% SOC. 
Figure 10.  Dependence of the discharging 
PPC on the current at different temperature 
values – 50% SOC. 
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Figure 11. Dependence of the discharging PPC on the current at different temperature 
values – 90% SOC. 
 
 
For all the studied conditions, a quasi-linear increase of the discharging PPC with the 
increase of the current is observed. The PPC values measured at low SOC (Figure 9) do 
not vary with temperature for C-rates up to 3C (i.e., 39 A). Nevertheless, for higher C-
rates, the PPC shows a strong dependence on the temperature; more specifically, the PPC 
of the LTO-based battery cell increases slower with the increase of the C-rate for lower 
temperatures. Thus, at 45°C, the battery cell is able to deliver approximately 250 W for a 
load current of 117 A (i.e., for 9C-rate), while, due to a high increase in the internal 
resistance, this value decreases to half for the case when the battery is operated at 5°C. 
 
The dependence of the PPC on the C-rate at various temperatures is less pronounced 
for the case when the battery cell is discharged at an average SOC, as illustrated in Figure 
10. In this case, the discharging PPC values are not dependent on the temperature for C-
rates up to 4C (i.e., 52 A). A slight dependence on the temperature was observed for 
higher C-rates (i.e., 7C and 9C) – the LTO-based cell will have at 5°C approximately 
15% less PPC than at 45°C. 
 
The dependence of the discharging PPC on the C-rate and temperature at 90% SOC is 
illustrated in Figure 11. As it was also highlighted in the previous subsection, for high 
SOC levels, the PPC of the cell is not changing with the C-rate. Furthermore, at this 
conditions, the discharging PPC was found to be almost independent on the temperature 
as presented in Figure 11; a less than 5% (i.e., 13 W) spread in the discharging PPC was 
measured between different temperatures for the highest considered C-rate.  
 
The presented results suggest that the internal resistance of the studied LTO-based 
battery cell becomes less dependent on temperature and C-rate once with the increase of 
the operating SOC. 
 
PPC estimation model 
 
Based on the results presented in the previous section, a model was developed and 
parameterized for estimating the discharging PPC of the studied battery cell at different 
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temperature and C-rates. Independent on the considered SOC and temperature, the 
variation of the discharging PPC with the current was found to follow the relationship [3]. 
 
PPCd = a * Current ^ b [3] 
 
Where, PPCd represents the PPC during discharge, a represents the coefficient of the 
function, and b represents the exponent of the function; the parameters a and b are 
temperature dependent. 
 
The measured dependences of the discharging PPC on the current, which were 
presented in Figure 9 – Figure 11, where fitted with function [3]. Thus, it was noticed that 
for all the three cases (i.e., 10% SOC, 50% SOC, and 90% SOC), the parameters a and b 
decrease and increase, respectively, linearly on the temperature. By fitting with a first 
degree polynomial function the parameters a and b as function of the temperature, and 
introducing the obtained results into function [3], models able to estimate the discharging 
PPC at 10% SOC, 50% SOC, and 90% SOC and different temperatures and currents were 
derived as follows: 
 
PPCd_10 = (-0.1211 * T + 7.299) * Current^(0.009671 * T + 0.5683) [4] 
  
PPC_50 = (-0.01768 * T + 3.051) * Current^(0.002067 * T + 0.8972); [5] 
  
PPC_90 = (-0.01396 * T + 3.191) * Current^(0.001284 * T + 0.9236); [6] 
 
Based on the above presented PPC estimation models, the variation of the PPC at 
various temperatures and currents for 10% SOC, 50% SOC, and 90% SOC are plotted in 
Figure 12, Figure 13, and Figure 14, respectively. 
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Figure 12.  Estimation of discharging PPC 
for different temperatures and currents at 
10% SOC. 
Figure 13.  Estimation of discharging PPC 
for different temperatures and currents at 
50% SOC. 
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Figure 14.  Estimation of discharging PPC for different temperatures and currents at 
90% SOC. 
 
 
Conclusions 
 
In this paper we have presented results from the laboratory characterization of the PPC of 
a 13 Ah high-power LTO- based battery cell. The dependence of the PPC on the SOC, 
temperature and load current was analyzed for both charging and discharging cases. For 
the considered LTO-based battery cell it was shown that at 25°C the dependence of both 
charging and discharging PPC on SOC is more pronounced for reduced SOC levels (i.e., 
below 40%) independent on the amplitude of the load current. Furthermore, the 
dependence of the battery cell’s discharging PPC on temperature becomes less 
pronounced as the SOC increases. 
To quantify the dependence of the PPC on the battery operating conditions, a model to 
estimate the PPC at temperatures between 5°C and 45°C and load currents between 1.3 A 
and 117 A, was developed and parametrized for 10%, 50% and 90% SOC. 
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Abstract—In order to analyze the dynamic behavior of a 
Lithium-ion (Li-ion) battery and to determine their suitability 
for various applications, battery models are needed. An 
equivalent electrical circuit model is the most common way of 
representing the behavior of a Li-ion battery. There are 
different circuit models proposed and various techniques for 
parameterization of these models available in literature. 
Nevertheless, in this paper a second order equivalent circuit is 
proposed and the current pulse technique is used for its 
parameterization. This study shows results of extensive 
experimental characterization tests performed for a wide range 
of operating conditions (temperature, load current and state-of-
charge) on a commercial available 13Ah high-power lithium 
titanate oxide battery cell. The obtained results were used to 
parametrize the proposed dynamic model of the battery cell. To 
assess the accuracy of the proposed dynamic model, simulation 
results are presented and compared against laboratory 
measurements, performed for different conditions. 
Keywords— Lithium-ion battery, dynamic model, simulation, 
voltage estimation 
I. INTRODUCTION 
Energy storage (ES) has become a key enabling technology 
for a wide range of applications which includes among others 
electrical vehicles (EVs) and smart grids. Various ES 
technologies are available and they greatly differ in their 
operation principle, maturity level, performance behavior, 
and lifetime characteristics [1], [2]. However, Lithium-ion 
(Li-ion) batteries have detached as one of the very few ES 
technologies, which meet the requirements of different 
applications such as consumer electronics, EVs, grid support, 
and enhancing renewable’s grid integration [3]. 
The technical feasibility and performance behavior of Li-
ion batteries in the aforementioned applications has to be 
assessed by simulation before field deployment. Thus, 
accurate dynamic battery models become mandatory. 
However, to model the dynamic behavior of a Li-ion battery 
is not straightforward task since the performance of the 
battery is highly nonlinear; the performance parameters of Li-
ion batteries, such as capacity and impedance, are dependent 
on the operating temperature, load current, and state-of-
charge (SOC) [4], [5]. 
Different approaches can be followed in order to model the 
dynamic behavior of Li-ion batteries. These models are 
characterized by different accuracy levels, parameterization 
requirements and computation demands. Electrochemical 
models, governed by a set of partial differential equations, are 
able to accurately predict both microscopic and macroscopic 
battery parameters [6]; nevertheless, due to their high 
complexity they are not suitable for system simulation 
studies. Mathematical models, even though characterized by 
low computation demands, are often too empirical and due to 
their simplifying assumptions are not able to reproduce with 
high accuracy the dynamic behavior of Li-ion batteries. 
Electrical models are considered a tradeoff solution between 
the two previously mentioned categories, since they are less 
computation demanding than electrochemical models but 
much more accurate than mathematical models [7], [8]. 
Battery electrical models use combinations of resistors, 
capacitors, inductors and voltage sources to predict the 
battery SOC and voltage under dynamic load profiles. 
Furthermore, these circuit parameters can be relatively well 
related to different electrochemical process, which occur in 
the battery [8]. 
Electrical models are divided into two categories 
depending on the method which is used for parameterization. 
Impedance-based electrical models are parameterized using 
the electrochemical impedance spectroscopy (EIS) technique, 
which is applied in the frequency domain [9]. Thévenin-based 
electrical models are parametrized using charging and 
discharging current pulses, which are applied in the time 
domain [7], [10]. Combinations between the two approaches 
can also be used for dynamic modeling of Li-ion batteries [8]. 
In this work, the current pulse technique was used in order 
to develop and parameterize the dynamic model of a 13 Ah 
Lithium Titanate Oxide (Li4Ti5O12, further referred as 
LTO)-based battery. In a previous work [11], we have applied 
the EIS measurement technique to parameterize the dynamic 
model of a similar 13 Ah LTO-based battery. Even though 
accurate, the model proposed in [11] was able to predict only 
static charge and discharge conditions since the effect of the 
load current on the battery voltage was not captured during 
the EIS measurements (i.e., the EIS measurements were 
performed without superimposed DC current). To fully 
capture the dynamic behavior of the tested Li-ion battery, we 
have applied current pulses of different amplitudes (form 
0.1C-rate to 9C-rate) over the entire battery SOC interval; 
moreover, the measurements were repeated for different 
temperatures ranging from 5 to 45°C. 
The paper is structures as follows. Section 2 presents the 
configuration of the proposed battery dynamic model and of 
the equivalent electrical circuit (EEC) used to estimate the 
dynamics of the battery. Section 3 summarizes results from 
the extensive battery characterization tests, which were used 
to parameterize the dynamic model. In Section 4, the 
approach for parameterization of the battery EEC is in-depth 
presented. Furthermore, the extracted parameters of the EEC 
and their variation with the operating conditions are 
illustrated in the same section. Finally, the verification of the 
proposed dynamic model is performed in Section 5. 
 
II. LI-ION BATTERY DYNAMIC MODEL 
A. Configuration of the Proposed Model 
The dynamic behavior of the LTO-based battery was 
modelled using the electrical circuit presented in Fig. 1. 
 
 
Fig. 1.  Proposed configuration of the dynamic model for the LTO-based 
battery. 
 
The capacitor Ccapacity and the current-controlled source, in 
the left side of Fig. 1, are used to model the capacity and the 
SOC of the Li-ion battery; the SOC of the battery is 
determined based on the battery capacity and the current 
flowing through the battery according to (1). The voltage-
controlled voltage source Voc(SOC) is used to model the 
open-circuit voltage (OCV) of the battery, which is dependent 
on the SOC. The transient behavior of the LTO-based battery 
is modeled by the EEC, presented in the right side of Fig. 1. 
The self-discharge of Li-ion batteries is very low in 
comparison to other battery technologies and it does not 
affect the dynamic response. Thus, this behavior was not 
considered during the dynamic modeling of the LTO-based 
battery. Consequently, based on the proposed configuration 
presented in Fig. 1, the battery voltage Vbat was modeled 
according to (2). 
 
 = ±  (1) 
 
 = ± ∙  (2) 
 
Where, SOCi represents the initial SOC of the battery and 
ZEEC represents the impedance of the EEC. Furthermore, the 
following convention was used for modeling and simulation 
purposes: a positive current was considered during charging 
and a negative current during discharging. 
 
B. Equivalent Electrical Circuit Topology 
The EEC is responsible to model the transient response of 
the battery to any kind of current excitation. Various EEC 
topologies can be used to model the dynamic response of a 
Li-ion battery [12]. As it was shown in [12], they are 
characterized by different voltage estimation accuracy and 
computational demands. Generally, by increasing the number 
of used resistor – capacitor (RC) networks, a better estimation 
accuracy is obtained [13]. Nevertheless, this brings also more 
computational demands, difficulties during the 
parameterization process and lose of electro-chemical 
meaning. 
In this work, we have considered an EEC composed of a 
series resistor and two RC networks, as illustrated in Fig. 1 
(see blue-hashed area). Usually, this topology offers a 
tradeoff between battery voltage estimation accuracy and 
computational demands. In the considered topology, the 
series resistance R0, also referred as ohmic resistance, is 
responsible for the instantaneous voltage drop when a current 
excitation is applied to the battery. The first RC network (R1 
and C1), responsible of the short-time constant of the battery 
response, is used to model the charge transfer and double-
layer capacitance processes. The second RC network (R2 and 
C2), responsible of the long-time constant of the battery 
response, is used to model the diffusion process. These three 
parts of the battery voltage response to a discharging current 
excitation signal are highlighted in Fig. 2. 
 
 
Fig. 2.  Li-ion battery voltage response due to a discharging current pulse. 
 
 
III. EXPERIMENTAL 
In order to parameterize the dynamic model, which is 
presented in Fig. 1, the performance parameters of the LTO-
based battery had to be measured. Thus, since we aimed to 
develop a dynamic model which is able to estimate the 
battery voltage for a wide range of operating conditions, the 
capacity, open-circuit voltage, and internal resistance of the 
battery were measured at different load currents, 
temperatures, and SOC. The aforementioned test, were 
performed using a Maccor battery test station. During all the 
performed test, the LTO-based battery cell was placed inside 
a climatic chamber and its temperatures was continuously 
measured and controlled by means of a thermocouple. 
 
A. Capacity 
The capacity of the LTO-based battery was measured 
during both charging and discharging for eight different C-
rates as follows: 0.25C-rate, 0.5C-rate, 1C-rate, 2C-rate, 3C-
rate, 4C-rate, 7C-rate, and 9C-rate, which corresponds to a 
current interval from 3.25A – 117A. Furthermore, the 
capacity measurements were repeated at five temperatures: 
5°C, 15°C, 25°C, 35°C, 45°C. 
The obtained results, showing the dependence of the 
discharging capacity on the current and temperature, are 
presented in Fig. 3. 
 
Fig. 3.  Variation of the battery discharging capacity with temperature and 
load current. 
 
B. Open-Circuit Voltage 
The OCV of Li-ion batteries is highly dependent on the 
SOC and it changes also with temperature. Thus, the OCV of 
the LTO-based battery was measured over the entire SOC 
interval considering a 5% SOC resolution. Similar to the case 
of the capacity, the measurement was repeated for the five 
considered temperature values. The OCV-SOC characteristic, 
which was measured at 25°C is presented in Fig. 4. Similar 
results were obtained for the other considered temperatures. 
 
 
Fig. 4.  OCV-SOC characteristic of the LTO-based battery obtained at 25°C. 
 
C. Internal Resistance 
In this work we have used the DC pulse technique to 
parameterize the EEC of the LTO-based battery. The 
parameters of the EEC are changing with the battery SOC, 
load current and temperature. To capture all these 
dependences, the current pulse profile presented in Fig. 5 was 
applied for the SOC interval 5 – 95% (with 5% resolution) 
and repeated for all the five considered temperatures. 
 
 
Fig. 5.  Current pulse profile used to extract the EEC’s parameters and their 
dependence on the load current. 
 
As illustrated in Fig. 5, the amplitude of the current pulse 
ranged from 0.1C to 9C. Thus a full parameterization was 
achieved and the dynamic model should be able to correctly 
predict the voltage behavior of the battery for both very small 
and very large currents. The influence of the C-rate (load 
current) on the battery voltage response as measured during 
the parameterization test is presented in Fig. 6. 
 
 
Fig. 6.  Battery voltage response to a discharge current excitation signal of 
various C-rates; measurement conditions: SOC = 50% and T = 25°C. 
 
The length of the current pulse was set at 18 seconds in 
order to capture the influence of the main processes inside the 
battery (i.e., ohmic, charge-transfer, and diffusion). 
Moreover, before each pulse a break of 15 minutes was 
allowed for the battery to reach thermodynamic stability. 
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IV. EEC PARAMETERIZATION 
A. Method for EEC Parameterization 
The values of the EEC’s parameters were extracted based 
on the battery voltage response at the charging and 
discharging current pulses, which were presented in the 
previous section. Fig. 7 exemplifies the voltage response 
when a 1C-rate (13 Ah) current is applied to the LTO-based 
battery. 
 
Fig. 7.  LTO-based battery voltage response to a discharging current pulse; 
illustration of the regions for EEC parameter extraction. 
 
The ohmic resistance R0 can be identified from the 
instantaneous voltage drop after the current pulse is applied, 
as illustrated in Fig. 7. Typically, a short interval of 0.1 
seconds after the current is applied to the battery, is enough to 
determine the ohmic resistance. Nevertheless, during the 
measurement, the current and voltage signal were logged with 
one second resolution. Thus, in this work, the ohmic 
resistance R0 was computed after one second, following 
Ohm’s law given in (3). 
 
 = ∆∆ =  (3) 
 
where, V0 is the voltage before the current pulse is applied 
(open-circuit voltage), V1 is the voltage measured after one 
second, and I is the amplitude of the current pulse. 
The values of the resistances R1 and R2 and of the 
capacitances C1 and C2 were determined following the 
methodology presented in [10]. As it was illustrated in Fig. 2, 
the first RC network of the EEC is responsible for the fast 
voltage response of the battery to a current excitation, while 
the second RC network is responsible for the slow voltage 
response. The time constants of the two RC networks can be 
computed as given in (4) and (5). 
 
 =  (4) 
 
 =  (5) 
 
By applying Kirchhoff’s current law to the first RC 
network, the current charging the capacitor C1 must be equal 
to the current through the resistor R1: 
 
 + = 0 (6) 
 
Solving the partial differential equation (6) for V1, yields: 
 
 ( ) = ( )  (7) 
 
where t1 and t2 represent the starting and ending time of the 
window describing the fast voltage response of the battery to 
a current excitation. In this work, t1 and t2 were considered 
equal to one and ten seconds, respectively as shown in Fig. 7. 
Based on (7), the time constant τ1 of the first RC network 
was computed as follows: 
 = − ( )( )  (8) 
 
Similarly, the time constant τ2 of the second RC network, can 
be computed: 
 = − ( )( )  (9) 
 
where in this case t2 and t3 represents the starting and ending 
time of the window describing the slow voltage response of 
the battery to a current excitation. As presented in Fig. 7, t3 
was considered to be equal to 18 seconds. 
Furthermore, the resistances R1 and R2 were computed 
based on Ohm’s law, as given in (10) and (11). 
 
 = ∆∆ =  (10) 
 
 = ∆∆ =  (11) 
 
where, V1, V2, and V3 are the voltage values during the current 
pulse after one, ten, and eighteen seconds, respectively. 
Knowing, the resistance values and the time constants of 
the two RC networks, the capacitances C1 and C2 were 
extracted according to (12) and (13), respectively. 
 
 =  (12) 
 
 =  (13) 
 
Once the parameters of the EEC had been determined, the 
battery voltage was simulated using (15) and the obtained 
result is compared with the battery voltage obtained from the 
laboratory measurements, at similar conditions. 
 
 = + ( ) + ( ) 1 − + 																																																										+	 ( ) (1 − )             (14) 
 
 = ( ( ) − ( ))  (15) 
 
The difference between the measured voltage Vmeas and the 
simulated voltage Vsim is the voltage estimation error (the 
least squared error), which was calculated according to (15). 
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The EEC’s parameters were optimized by using the 
unconstrained optimization algorithm fminsearch (Nelder-
Mead) in Matlab to minimize the voltage estimation error. 
 
B. Results 
Following the methodology presented in the previous 
section, the parameters of the EEC were extracted for all the 
considered conditions. The variation with SOC and load 
current at 25°C of the ohmic resistance R0, resistances R1 and 
R2, and capacitances C1 and C2 is presented in Fig. 8.  
 
V. RESULTS 
The accuracy of the proposed and parameterized dynamic 
model for the considered LTO-based battery was evaluated 
by performing several verification tests. 
 
A. Pulse Charge and Discharge 
The traditional pulse charge and discharge test was used in 
order to verify the accuracy of the developed model. From a 
fully charged state the battery was discharged with 0.5 C (i.e., 
6.5 A) in steps of 5% SOC until the minimum battery voltage 
was reached. Then, from a fully discharged state, the battery 
was charged with 0.5 C in steps of 5% SOC until the 
maximum battery voltage was reached. In both cases, 
between two consecutive discharges/ charges a break of two 
hours was considered.  
Comparisons between laboratory-measured and model-
estimated battery voltage, and the corresponding voltage 
estimation errors, are presented in Fig. 9 (for the discharging 
case) and Fig. 10 (for the charging cases). 
As one can observe, the developed battery model is able to 
predict with good accuracy the voltage behavior of the LTO-
based battery cell during both discharging and charging, 
independent on the considered temperature. Fig. 9d and Fig. 
10d present the battery voltage estimation error during pulse 
discharge and pulse charge test, respectively. In both cases, 
for most of the SOC interval, the voltage estimation error lies 
below 0.05 V (approximately 2%); nevertheless, the error 
tends to increase when the battery reaches a fully discharge or 
charge state. This behavior is thought to be caused by the fast 
changes in the battery dynamics close to these states, where 
the voltage starts to decrease (discharging case) or increase 
(charging case) fast. To overcome this issue, and 
consequently decrease the estimation error, more 
parameterization points should be considered for SOC levels 
below 10% and above 90%. 
The accuracy of the proposed performance model was 
evaluated by computing the coefficient of determination, R2, 
according to (16). The obtained R2 values for C/2 pulse 
charging and discharging at the five considered temperatures 
are summarized in Table I. 
 
 = 1 −  (16) 
where, SSres  represents the sum of squares of residuals and 
SStot represents the total sum of squares. 
Fig. 8.  Dependence of the parameters of the EEC with SOC and load 
current for T = 25°C; (a) R0, (b) R1, (c) R2, (d) C1, (e) C2. 
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Fig. 9.  Measured and estimated battery voltage during C/2 discharging: a) 
T = 5°C, b) T = 25°C, c) T = 45°C, d) estimation error. 
Fig. 10.  Measured and estimated battery voltage during C/2 charging: a) T 
= 5°C, b) T = 25°C, c) T = 45°C, d) estimation error. 
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TABLE I.  ACCURACY OF THE DEVELOPED BATTERY DYNAMIC MODEL 
Temperature 
Coefficient of Determination R2 
Charging Discharging 
T = 5°C 0.987 0.968 
T = 15°C 0.962 0.994 
T = 25°C 0.982 0.954 
T = 35°C 0.988 0.968 
T = 45°C 0.975 0.985 
 
B. Dynamic Charge-Discharge 
For the second verification case, a dynamic charge-
discharge current profile was used. The battery was charged 
and discharged at different SOC levels with pulses of various 
amplitudes. Fig. 11 illustrates the comparison between the 
laboratory measurement and the model estimation, showing 
again a good accuracy of the proposed model. 
 
 
Fig. 11.  Comparison between measured and estimated battery voltage for a 
dynamic charge-discharge profile; T = 25°C. 
 
VI. CONCLUSIONS 
In this work we have developed and parametrized a 
dynamic model based on the DC current pulse technique for a 
high-power LTO-based Li-ion battery Extensive 
characterization tests were carried out in order to 
parameterize the dynamic behavior of the battery for a wide 
range of operating conditions; thus, all the components of the 
battery dynamic model were measured for temperatures 
between 5 and 45°C, SOC levels between 0 and 100%, and 
load currents between 1.3 A (i.e., 0.1C-rate) and 117 A (i.e., 
9C-rate). The proposed model was verified using two 
different current profiles, showing a good accuracy for all the 
considered load currents and temperatures levels. The model 
is able to predict the battery voltage very accurately during 
the transients; however, during the no-load conditions, the 
voltage estimation error is slightly higher. This behavior 
might be caused by the fact that the voltage during the current 
pulse (and not during the no-load condition) was considered 
for the parameterization of the EEC. 
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Abstract — With the popularity of Electrical Vehicles (EVs), 
Lithium-ion battery industry is developing rapidly. To ensure the 
battery safe usage and to reduce its average lifecycle cost, an 
accurate State of Charge (SOC) tracking algorithms for real-time 
implementation are required for different applications. Many 
SOC estimation methods have been proposed in the literature. 
However, only a few of them consider the real-time applicability. 
This paper classifies the recently proposed online SOC estimation 
methods into five categories. Their principal features are 
illustrated, and the main pros and cons are provided. The SOC 
estimation methods are compared and discussed in terms of 
accuracy, robustness, and computation burden. Afterward, as the 
most popular type of model based SOC estimation algorithms, 
seven nonlinear filters existing in literature are compared in 
terms of their accuracy and execution time as a reference for 
online implementation. 
 
Index Terms -- SOC estimation; lithium-ion battery; online 
implementation; comparison; nonlinear filter. 
I. INTRODUCTION 
Environmental pollution is a severe problem all around the 
world in these years, especially, global warming has attracted 
a lot of attentions from both academic and industry sectors. 
Through the guidance of Paris Agreement, countries and 
governments have made their efforts to save energy and 
reduce emission. Consequently, electrification of 
transportation is becoming an inevitable trend in the future [1]. 
The Electrical Vehicle (EV) industry is developing fast to 
meet people’s urgent demand for transportation with low 
carbon emissions.  
High specific energy, long cycle life, and low self-discharge 
rate make lithium-ion battery one of the most promising 
energy storage components for EV applications [2]–[6]. Just 
as the fuel gauge in traditional vehicles, the amount of 
capacity left in the battery is undoubtedly an important index 
related to the driving experience. Accurate State of Charge 
(SOC) can help drivers to make wise decisions on when to 
charge the battery and also help the Battery Management 
System (BMS) to avoid overcharging and over discharging 
which may cause safety issues [7], [8]. SOC cannot be directly 
measured, and it has to be estimated from the estimation of 
other battery quantities.  
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In order to fulfill the energy requirement of EV, large 
numbers of batteries are connected in series or parallel. Due to 
the cost limitation, the platform where BMS is implemented 
has limited computational ability. An accurate online SOC 
estimation method in a real-time platform is not easy. Thus, it 
is necessary to analyze the features of the online 
implementable SOC estimation methods.  
Besides the accuracy, efficiency and robustness are the 
other two factors to be considered for SOC estimation in real- 
time applications [9]. Measuring battery current and voltage 
inevitably yields errors from sensors. Moreover, the 
established battery models are not perfect and do not take into 
account all factors affecting the modeling accuracy. The inner 
battery characteristics also vary with different operating 
conditions (e.g., temperature, load current) and battery aging. 
Hence, the estimation algorithm must be robust to both the 
measurement errors and the modeling errors. As previously 
described, the computation ability of BMS is limited. The 
SOC estimation algorithm should be less time-consuming in 
order to satisfy the computing power of the low-cost 
microcontrollers.  
Because of the good performance in SOC estimation, 
nonlinear filters (such as, Extended Kalman Filter (EKF) [10], 
[11], Unscented Kalman Filter (UKF) [6], [12], [13], Central 
Difference Kalman Filter (CDKF) [14]–[16], Square Root 
Unscented Kalman Filter (SR-UKF) [17], [18], Square Root 
Central Difference Kalman Filter (SR-CDKF) [19], Particle 
Filter (PF) [20], [21], H-infinity filter [22]–[24], etc) are 
widely investigated in the literature on the basis of a model 
based structure.  
Many approaches for an accurate prediction of the battery 
SOC have been presented in the literature, but a relatively 
limited number of them consider BMS limitations and the 
real-time requirement and validate proposed methods online in 
a test bench. Therefore, this paper aims to summarize the 
features of SOC estimation methods that are suitable for 
online implementation and compare their advantages and 
disadvantages. The goal is to contribute to bridging the 
academic achievements of SOC estimation research into 
industrial application. 
In contrast to the previous overview works on SOC 
estimation methods, this paper is mainly focused on the recent 
publications of online implementable SOC estimation 
methods. In this paper, the online SOC estimation methods are 
divided into five categories based on their characteristics. A 
detailed discussion on their pros and cons is given in this 
paper. Moreover, the previously mentioned seven nonlinear 
filters are compared in terms of accuracy and execution time 
in this work, which is different from [25]. 
The structure of this paper is as follows: Section II details 
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the online feasible estimation methods and their characteristics 
presented in the literature. Section III discusses the suitability 
of those methods for online implementation and presents their 
pros and cons. The comparison of seven nonlinear filters in 
accuracy and execution time are shown in Section IV. 
Conclusions are drawn in Section V. 
II. BATTERY MODEL AND ERROR ANALYSIS 
A large number of SOC estimation methods have recently 
been proposed in the literature. Depending on their governing 
principles, the online SOC estimation algorithms are divided 
into five categories: Coulomb Counting Methods (CCMs); 
Open Circuit Voltage Methods (OCVMs); Impedance 
Spectroscopy Based Methods (ISBMs); Model-Based 
Methods (MBMs) and Artificial Neural Networks Based 
Methods (ANNBMs). This section details their features and 
reviews some recently published papers for each category. 
A. Coulomb Counting Method 
The definition of SOC is as follows:  
         
0
0 -
t i
n
i t
Z t Z dt
C
 
                            (1) 
Where Z(t) is the SOC at time t and Z(0) is the initial SOC; 
i is the Coulombic efficiency. Cn is the battery capacity, i(t) 
is the current and the discharging current is considered as 
positive in Eq.(1). 
From Eq. (1), it easy to note that SOC is defined as the 
integration of the current. Therefore, Coulomb counting is a 
direct and efficient method for calculating SOC. The self-
discharge, temperature and current rate (Fig.1) have an impact 
on the capacity of battery. Moreover, the inaccuracy of current 
sensor and the batteries’ discontinuous usage in reality also 
make an accurate initial SOC hardly to be known. Errors from 
current sensors also accumulate in the calculation process. To 
overcome these drawbacks, measures for enhancing the CCM 
are proposed in [26]–[31]. Since Coulombic efficiency effects 
the accuracy of CCM, updating the Coulombic efficiency 
online during the estimation process helps to improve the SOC 
accuracy [27], [28]. However, it is not easy to calculate the 
true value of Coulombic efficiency, and the battery must be 
tested under different current rates in advance. 
 
Fig.1. Voltage changes with discharging rate 
Combining with the OCV-SOC lookup table is also a good 
way to compensate the shortages of CCM. In [10], the authors 
reset the initial SOC of CCM by predicting OCV in very short 
interruption time, which automatically decreases the SOC 
estimating error. Compared with the conventional CCM, the 
proposed method increases the SOC estimation accuracy by 
2.07% when UDDS profile is used. Considering the OCV, 
resting time and temperature effect, battery’s initial SOC is 
predicted for CCM in [30] and the error of SOC estimation is 
further reduced by adding the energy efficiency. 
Removing errors (including measurement DC bias, self-
discharge current and leakage current) [8] from the current 
measurement also decreases the accumulated errors in CCM. 
If the initial SOC is known in advance and high precision 
current sensors are included in the BMS, CCM is very 
effective and suitable for real-time SOC estimation. 
B. Open Circuit Voltage 
In order to reach the internal equilibrium, the battery has to 
be disconnected from any load and rest for enough longer 
relaxation time. OCV is then measured under this condition. 
The OCV-SOC lookup table is the most efficient method if an 
accurate OCV is known. However, the relaxation time of Li-
ion battery can be generally as long as 10 hours or even more, 
which affects the practicality of the OCVM. Furthermore, the 
relationship between OCV and SOC has proven to change 
with temperature and age [32]–[35]. Hence, extensive works 
focusing on improving its accuracy by considering 
temperature and aging effects are proposed in [33]–[36]. 
Additionally, the characteristics of OCV-SOC curve are 
closely related to the battery chemistry. For example, the 
OCV-SOC curve is quite flat for lithium iron phosphate 
batteries (Fig.2), which means that a small error in OCV 
measurement causes a large error in SOC estimation. In Fig.2, 
the difference of OCV is merely 72mV in the SOC range of 
30%~80%. Moreover, the voltage hysteresis problem also 
affects the accuracy of OCV measurement [37]. Thus, 
classical OCVM is not quite acceptable for most online 
conditions. In order to improve its utility, researchers are also 
working on fast OCV prediction in short relaxation time [38]–
[40].  
 
 
Fig.2. Flat OCV-SOC relationship of LiFePO4 battery 
A new OCV relaxation model is proposed in [41]. The 
OCV is able to be estimated in just a few minutes after the 
current interruption. After parameter identification and curve 
fitting, the proposed model is validated on a 16 bit Infineon 
microcontroller at the 66 Mhz clock frequency. Combining 
with the low-cost voltage sensor, Kalman filter is also applied 
to OCV prediction in short battery disconnected period in [42]. 
In this way, OCVM has higher computational efficiency and is 
 
suitable for online estimation. Although OCVM confronts 
many drawbacks, it is still worth improving its applicability 
for online applications. 
C. Impedance Spectroscopy based Method 
An electrochemical impedance spectroscopy (EIS) is based 
on injecting small amplitude AC signals to a battery at 
different frequencies. The battery impedance at different 
frequencies are expressed as follows: 
  jACEIS
AC
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Where UAC and IAC are the peak amplitudes of voltage and 
current, respectively; φ is the phase shift between current and 
voltage. The magnitudes of REIS are expressed by Bode plot 
and Nyquist diagram.  
Several parameters (ohmic resistance, charge transfer 
resistance, and double layer capacitance) are analyzed from 
the measured EIS data. Those parameters are functions of 
SOC, which can be further used as indicators of SOC [41]. It 
is proven in [42] that the battery impedance is SOC dependent 
at low frequency. 
However, EIS is not easy to measure online and also varies 
with battery types and experimental conditions [43]. The EIS 
measurement equipment is usually designed for laboratory use 
and is very expensive. But EIS is still a powerful tool for 
analyzing battery internal characteristics and estimating SOC. 
Many efforts have been made to implement the online EIS 
measurement [44]–[48], which greatly enhances the possibility 
of EIS for online applications. An onboard EIS measurement 
system is proposed in [45], which consists of class A power 
amplifier, low pass filter, and Digital-to-Analog Converter 
(DAC) for generating sinusoidal signals. The battery charger 
is applied to generate current for EIS measurement in [46]. In 
[47], the authors propose a low cost and practical solution for 
online measurement of AC impedance by controlling the DC-
DC converter. Although EIS is sensitive to SOC and is a non-
destructive method, the exact relationship of EIS and SOC, as 
well as the repeatability of EIS for online measurement, still 
need further research. 
D. Model-based Methods 
Among all the SOC estimation methods, the model based 
ones seem to be the most practical choice for online SOC 
estimation at present. Most recent works are related with 
MBM, and a classification is proposed in Fig.3.  
 
Fig.3. Model-based SOC estimation methods 
 
 
Fig.4 Structure of MBMs 
Deduced from Fig.4, the expression of MBMs is typically 
demonstrated as follows [49]: 
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where ut is the terminal voltage at time t measured by 
voltage sensors, ˆtu is the output from the established battery 
model, h(.) represents the battery model.  
Note that the feedback for correcting the SOC is based on 
the difference between the terminal voltage measured by the 
sensor and the output of the battery model. Due to the closed-
loop structure, MBMs are able to deal with unknown initial 
SOC. In Eq. (3), L is the gain for compensating the SOC from 
CCM. The methods presented in Fig.4 use a different 
algorithm to calculate the gain L, such as PI [50], [51], H-
infinity filter [22]–[24], Kalman filter [10], [12], [13], [17], PF 
[20], [21], etc. Based on two RC equivalent circuit model, 
authors in [50] propose a simple structure and highly effective 
SOC estimation method using two independent PI observers. 
One PI observer improves the modeling accuracy, and the 
other one estimates the OCV for SOC estimation 
simultaneously. H-infinity filter is also used for decreasing the 
effect of noise and parameter uncertainty on the estimation 
accuracy. An adaptive H-infinity filter is proposed in [22] for 
improving the accuracy of SOC estimation results against the 
noise from sensors and the inaccuracy from battery model. 
With Recursive Least Square (RLS) updates parameters, the 
proposed method achieves accurate SOC in a hardware-in-the-
loop experiment. Kalman filter is definitely the most popular 
MBMs due to its robustness to noise in the stochastic process. 
EKF estimates battery internal temperature and SOC at the 
same time on the basis of a novel thermoelectric model 
presented in [52]. In [12], authors validate UKF implemented 
in a Freescale MC9S12XF512 for SOC estimation. In order to 
improve the accuracy of battery modeling, electrochemical 
model-based SOC estimation methods are also proposed in 
[11], [53], [54]. 
As previously described in this paper, MBMs rely on 
precise battery model for accurate SOC estimation. However, 
battery internal parameters are changed during charging and 
discharging process. It is difficult to build an accurate enough 
model to describe all the battery external characteristics. 
Especially, the computational complexity of the battery model 
should be restricted to a reasonable range for online 
applications. Being insensitive to initial SOC and robust to 
measurement noise, MBMs are very popular for different 
 
kinds of online SOC estimation applications. 
E. Artificial Neural Network based Method 
Different kinds of artificial neural network (ANN) and 
some similar methods are very popular in mapping the 
nonlinear relationship between inputs and outputs of a system. 
ANN is capable of directly establishing the relationship 
between battery SOC and the related factors (such as current, 
voltage and temperature). Then, engineers are able to create 
the SOC estimator without any prior knowledge of the battery.  
Methods, like ANN [52], [55]–[57], Support Vector 
Machine (SVM) [58], Extreme Learning Machine (ELM) [59], 
Multivariate Adaptive Regression Splines (MARS) [9], [60], 
etc., have the ability to deal with the nonlinear mapping 
problem. Fuzzy logic has a similar characteristic as ANN, thus 
it is also used for SOC estimation [61]. ANNBMs must be 
trained offline in order to establish the nonlinear relationship. 
Afterwards, they can run efficiently in a real-time application. 
Two different structures of ANN are applied to estimate SOC 
in [52]. Considering the battery capacity fade, accurate SOC is 
obtained from ANN estimator during the entire battery 
lifespan. SVM and MARS are used in [58], [60] to 
immediately establish the nonlinear map of SOC and other 
measured input variables, respectively.  
If appropriate samples are selected and optimized 
parameters are chosen in the training process, the ANNBMs 
are able to present accurate SOC estimation. However, it can 
be easily found that the practicability of these methods is 
closely related to both the data samples and the training 
process. Since the practical conditions are various, the 
generalization of ANNBMs under different driving cycles 
should be considered for online application. Generally, 
ANNBMs are easily transplanted to hardware for online 
implementation after having been trained offline. 
III. DISCUSSION 
After introducing the features of the SOC estimation 
methods, their suitability for online usage is discussed in this 
section. According to the analysis in the previous section, their 
suitability for online implementation is listed in TABLE I. 
From TABLE I, it can be seen that all these methods have 
their own advantages and disadvantages. However, accuracy, 
robustness and computational cost are three most important 
factors to be taken into account in BMS. EV is considered as 
an example to analyze and compare different methods in this 
paper. 
From an accuracy point of view, each method is capable of 
achieving good results under specific situations. Since CCM is 
an open loop structure, initial SOC and current measurement 
are undoubtedly extremely important for its accuracy. 
Normally, accurate initial SOC and high precision current 
sensors are almost unrealistic because of the limited cost in 
EV. OCVM relies on a precise OCV value for estimating SOC. 
The OCV can be obtained after the car is parked for a long 
time without use. During the driving process, the current 
interruption may also happen when the car is stopped at the 
traffic light or meet traffic jams. However, the current 
interruption under these circumstances is usually too short for 
battery relaxation. Thus, fast OCV estimation is urgent for the 
application of OCVM in real time. OCV-SOC curve should be 
steep for guaranteeing the estimation accuracy. Small errors 
from voltage sensors may cause large SOC estimation errors 
because of the flat OCV curve and OCV hysteresis of the 
LiFePO4-based battery. ISBM is hardly measured online and 
varies with measurement conditions. Thus, it is important to 
establish the clear relationship between EIS and SOC. The 
accuracy of MBM relies on a precise battery model. Selecting 
the appropriate model structure for a specific battery enhances 
the estimation accuracy. However, it is difficult to simulate the 
complex electrochemical process of the battery. Equivalent 
circuit model is widely used in MBM. Moreover, the 
performance and convergence of the corrected algorithm are 
closely related to an accurate estimated SOC. The accuracy of 
MBMs is expected to be acceptable for EV applications if the 
right battery model and the suitable estimation algorithm are 
chosen. ANNBMs are extremely accurate if the current profile 
of the EV driving cycle is similar to the training samples. 
TABLE I  
ADVANTAGES AND DISADVANTAGES OF DIFFERENT SOC ESTIMATION 
METHODS FOR ONLINE IMPLEMENTATION 
Categories of 
Methods
Advantages Disadvantages
Coulomb 
counting 
method 
 Computational 
effectively;  
 Direct SOC 
calculation;  
 Easy to understand 
 Accurate initial SOC 
is needed; 
 Current sensor error 
accumulated.  
Open circuit 
voltage method 
 One to one 
relationship 
between OCV and 
SOC;  
  Small computation 
burden. 
 Long relaxation time 
for OCV 
measurement;  
 Temperature, age, 
and battery types 
affect the OCV. 
Impedance 
Spectroscopy 
based method 
 Sensitive to SOC 
variation;  
 Diverse parameters 
indicate SOC 
 Difficult for online 
measurement; 
 Different with 
battery type, 
experimental 
condition, etc. 
Model-based
method 
 Insensitive to initial 
SOC;  
 Good robust; 
 High accuracy 
 Rely on modeling 
accuracy; 
 High computing cost 
ANN-based
method 
 Do not need 
previous 
knowledge of 
battery;  
 Easy transplant to 
hardware after 
offline training 
 Large amount of 
training samples is 
needed;  
 Hard to generalize to 
different working 
conditions. 
The practical application always encounters a variety of 
operating conditions, which means robustness is an important 
factor. In EV applications, the battery pack should fulfill 
different power requirements. The battery current, temperature 
and age keep changing all the time. Including feedback 
process for correction, a closed-loop system is usually more 
robust than open loop system. Thus, MBMs have a superior 
robustness compared with the others. However, a better 
robustness can also be achieved by the other methods by 
taking some measures. The robustness of CCM under different 
driving cycles can be enhanced by considering the temperature 
 
and aging effects. Similarly, adding those effects to OCV-
SOC lookup table helps to adjust the OCVM under various 
conditions. For ISBM, measuring EIS at different working 
conditions prior to usage also improves its robustness in real 
time applications. MBMs have a better robustness because of 
the feedback correction mechanism. Since the accuracy of 
battery model may be reduced during battery usage, online 
updating parameters are critical for ensuring its robustness. 
The estimation algorithms should also be insensitive to 
modeling and sensor errors. A large amount of training data 
should be collected in advance for the robustness of ANNBMs. 
Moreover, the parameters in the training process must be 
optimized, and various validation processes should be 
performed in order to avoid the local optimization. 
The computational overload must be considered for 
hardware implementation. CCM and OCVM are 
computationally efficient, as they involve a simple calculation 
process. ISBM needs a powerful processor, since the necessity 
of measuring EIS online and dealing with a large amount of 
data. MBMs are time-consuming, especially Kalman filter 
containing matrix operation in the estimation process. Low-
cost applications can choose PI observer or sliding mode 
observer because of their lower computation burden. ANNBM 
is less time consuming if ANN is trained offline before 
transplanting to an embedded system.  
Measures can be taken to guarantee the accuracy, 
robustness and computational efficiency of online SOC 
estimation methods. For a real-time application, the most 
suitable method is application dependent and should be a good 
trade off of all influencing factors (eg. the requirement of 
accuracy, robustness, and computational effort, etc.). This is 
also the reason why we choose to compare seven nonlinear 
filters in Section IV. 
IV. THE PERFORMANCE OF THE DIFFERENT NONLINEAR 
FILTERS ON ONLINE SOC ESTIMATION 
As described in part D of Section II, nonlinear filters are 
very popular for online SOC estimation. Therefore, the most 
common nonlinear filters proposed in the literature are 
compared in terms of accuracy and execution time in this 
Section including: EKF [10], [11], UKF [6], [12], [13], CDKF 
[14]–[16], SR-UKF [17], [18], SR-CDKF [19], PF [20], [21], 
H-infinity filter [22]–[24]. 
For the purpose of comparing different nonlinear filters in 
an identical condition, we take the following measures: 
1) The same two RC battery model is applied to each 
method; 
2) The code of each method is written by the same person to 
avoid differences in coding effectiveness; 
3) The same battery and driving cycle are used to validate 
the nonlinear filters. 
A LiFePO4/c battery cell is tested in the MACCOR 4000 
series, and the measurement data is collected for validating the 
seven nonlinear filters. The accuracy of MACCOR is 
0.01% + 1 digit for voltage measurement and  0.02% + 1 
digit for current measurement. The nominal capacity of the 
battery is 10Ah, and the nominal voltage is 3.2 V. The 
temperature in the chamber is set to 25 ºC and the sample time 
is 1 second. The OCV-SOC relationship is measured every 5% 
SOC interval from the test bench as shown in Fig.5. 
Multi-NEDC driving cycles are applied to test the battery, 
and the following measurement in Fig.6 are collected. On the 
basis of the two RC battery model (in Fig.7) and the 
measurement data from MACCOR, seven different kinds of 
nonlinear filters are used to estimate SOC. The reference SOC 
is also obtained from MACCOR. In order to eliminate the 
parameter uncertainty, RLS is applied to update the 
parameters of the battery model online. The comparison of the 
nonlinear filters is shown in Fig.8. The initial SOC is 
arbitrarily set to 0.7, and the number of the particulars in PF is 
100. 
 
 
Fig.5 OCV-SOC measurement 
 
 
(a) Current 
 
(b) Terminal voltage 
Fig.6 Current and voltage measurement during the NEDC driving cycles 
 
The OCV-SOC relationship is established by the curve 
fitting of the average OCV (Fig.5) as shown in Eq.(4). 
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Fig.7. Structure of two RC battery model 
 
 
 
(a) SOC estimation results 
 
 
 
(b) SOC value at the beginning of the estimation (0~50s) 
 
 
 
(c) SOC estimation in lower SOC area 
Fig.8 Estimation results of different nonlinear filters 
 
 
 
Fig.9 Absolute Error of different nonlinear filters 
 
All methods are able to converge to the reference SOC 
within a limited time as shown in Fig.8(a). In Fig. 8(b), a 
zoom of the SOC estimation results is shown. It is possible to 
note that SR-CDKF, SR-UKF, PF, and H-infinity filter 
achieve better results than the other nonlinear filters. That is 
because the square root filter is developed to increase the 
numerical accuracy of Kalman filter. PF is proposed for the 
severe nonlinear system, and it is able to work with arbitrary 
nonlinear noise distribution [62]. Due to the high nonlinearity 
of battery model in the lower SOC area, these four filters are 
able to obtain better results also in the lower SOC area in 
Fig.8(c).  
The absolute error in Fig.9 indicates that EKF, UKF, and 
CDKF have a larger SOC estimation error. This is particularly 
true in the higher and lower SOC ranges, where the nonlinear 
characteristic of the battery is more evident. The absolute error 
in Fig.9 also proves that SR-UKF, SR-CDKF, PF and H-
infinity filter are more suitable for strongly nonlinear system 
compared with the other three nonlinear filters. The Mean 
Absolute Error (MAE) and the execution time of each 
nonlinear filter are listed in TABLE II. 
 
TABLE II 
 COMPARISON OF MAE AND EXECUTION TIME 
Method MAE Execution time(ms) 
EKF 0.0121 0.023177 
UKF 0.0105 0.093621 
CDKF 0.0096 0.093438 
SR-UKF 0.0022 0.132310 
SR-CDKF 0.0039 0.142347 
PF 0.0020 1.454133 
H infinity Filter 0.0065 0.034674 
 
The execution time is measured through a Processor-in-the-
Loop way. The nonlinear filters are downloaded to a 
MicroZed development board (Xilinx Zynq XC7Z020) by the 
model-based design approach in Simulink. In TABLE II, PF 
obtains the best results in terms of MAE (0.0020), while the 
execution time is much longer than the others methods. The 
MAE of H-infinity filter is 0.0065 which is 50% of EKF. But 
its execution time is 0. 034674ms, which is 150% of EKF. 
Therefore, H-infinity filter is a better trade-off between 
accuracy and execution time for online SOC estimation. 
 
V. CONCLUSION 
SOC estimation is crucial for many applications of Li-ion 
batteries. This paper reviews the SOC estimation methods that 
are suitable for online usage and classify them into five 
categories: CCMs, OCVMs, ISBMs, MBMs and ANNBMs. 
The principles and features of each method are recalled in this 
work. The CCM directly estimates SOC from the integration 
of current, which is computationally effective. The initial SOC 
and the accumulation of sensor errors decrease the practicality 
of the CCM. The OCVM makes full use of the monotonous 
relationship of OCV and SOC. However, the long relaxation 
time of the batteries affects its use in real-time applications. 
ISBM can directly reflect the internal parameters changes 
inside the battery. The ISBMs are sensitive to SOC variations, 
but the difficulty in online EIS measurement limits its online 
usage.  
Different types of MBMs have been proposed in the 
literature, however, the Kalman filter is the most popular one. 
MBMs are more accurate and robust than other methods, but 
they are also more computationally demanding. Moreover, 
their performance is closely related to the established battery 
model. ANNBMs are easy to implement online after offline 
data training. However, the complicated data collecting 
process and the applicability of the method on the new coming 
data not having been trained limits its online usage.  
The suitable online SOC estimation method in real 
applications should be a good trade off of the accuracy, 
robustness and computational effort on the foundation of the 
specific condition. The comparison of seven different 
nonlinear filters for SOC estimation proves the accuracy of the 
MBMs. The experimental results have shown that the H-
infinity filter gives a good compromise in terms of accuracy 
and execution time. Then, it is a good choice for online SOC 
estimation.  
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Abstract: State of charge  (SOC)  is one of  the most  important parameters  in battery management 8 
systems, as it indicates the available battery capacity at every moment. There are numerous battery 9 
model‐based methods used for SOC estimation, the accuracy of which depends on the accuracy of 10 
the model considered to describe the battery dynamics. The SOC estimation method proposed in 11 
this paper is based on an Extended Kalman Filter (EKF) and nonlinear battery model which was 12 
parameterized using extended laboratory tests performed on several 13Ah Lithium Titanate Oxide 13 
(LTO)‐based  Lithium‐ion  batteries.  The  developed  SOC  estimation  algorithm was  successfully 14 
verified for a step discharge profile at five different temperatures and considering various  initial 15 
SOC  initialization values,  showing a maximum SOC estimation error of 1.16% and a maximum 16 
voltage  estimation  error  of  44 mV.  Furthermore,  by  carrying  out  a  sensitivity  analysis  it was 17 
showed that the SOC and voltage estimation error are only slightly dependent on the variation of 18 
the battery model parameters with the SOC. 19 
Keywords:  Lithium‐ion  batteries;  Lithium  titanate  oxide  (LTO)  batteries; Hybrid  pulse  power 20 
characterization  test; model parameterization; equivalent electrical circuit; State of charge (SOC); 21 
Extended Kalman filter   22 
 23 
1. Introduction 24 
Lithium‐ion  (Li‐ion)  batteries  have  developed  as  the  key  energy  storage  technology  for 25 
automotive  applications  and  are  also  evaluated  in different  stationary  renewable  energy  storage 26 
applications [1‐5]. This is mainly because Li‐ion batteries are characterized by superior performance 27 
in terms of power capability, efficiency, lifetime than other storage technologies [2, 6]. Moreover, in 28 
the past years, the price of Li‐ion batteries has been decreasing faster than expected. However, Li‐ion 29 
batteries  are  sensitive  to  overcharging  and  overdischarging. Thus,  an  accurate  estimation  of  the 30 
battery state‐of‐charge (SOC), which will avoid the overcharging and overdischarging operation, is a 31 
very important feature of the battery management systems (BMS) [7]. In the case of a wrong SOC 32 
estimation, significantly damage in the battery may occur and ultimately the lifetime of the battery 33 
can be dramatically reduced [7‐ 9]. 34 
Because  the  SOC  cannot be directly measured,  it  is  imperative  to use  an  algorithm  that  can 35 
accurately estimate it based on certain battery physical quantities (e.g. battery voltage and current). 36 
The Coulomb counting method [7,10] and the open circuit voltage method [7,11,12] are the two most 37 
used  methods  for  SOC  estimation.  Coulomb  counting  method  makes  full  use  of  the  current 38 
measurement since  the SOC  is defined as  the  integration of current over  the  time, divided by  the 39 
battery capacity. The accuracy of this method is related to the current measurement error, and to the 40 
battery capacity and the Coulombic efficiency. Moreover, the initial SOC should be known in order 41 
to estimate the actual SOC of the battery. All these factors heavily affect the SOC estimation result in 42 
the Coulomb counting method and are hard to be ignored. Since the open circuit voltage (OCV) is 43 
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monotonically decreasing while  the  battery  is discharging,  an OCV‐SOC  lookup  table  is  able  to 44 
predict  the battery  SOC. Nevertheless,  for  an  accurate OCV measurement,  the battery has  to be 45 
rested for hours in order to reach its electrochemical equilibrium. Consequently, the applicability of 46 
this method  for SOC estimation  in  real‐life applications  is questionable. Moreover,  the OCV‐SOC 47 
relationship  is dependent on the temperature and changes while the battery  is aging. Data‐driven 48 
methods based on neural networks  and  regression models  are  also  applied  to  estimate  the SOC 49 
[13‐14]. The accuracy of data‐driven methods relies on the features of the training samples. It means 50 
that accurate SOC estimation is guaranteed only if the test data are similar to the training samples. In 51 
order  to meet  the  requirement  of  various  applications,  SOC  estimation methods must  be  both 52 
accurate and robust. Therefore, model‐based methods are proposed for SOC estimation. For these 53 
methods,  the difference between  the measured battery  terminal voltage and  the model estimated 54 
voltage  is utilized  to  correct  the  SOC.  Furthermore, model‐based methods  are  insensitive  to  the 55 
initial SOC and measurement noise. Kalman filter [15‐17], H infinity filter [18,19], PI‐observer [20], 56 
Particle filter [21], etc. are applied to calculate the correcting gain in the SOC estimation structure. 57 
Among  the  aforementioned  approaches,  Extended  Kalman  filters  (EKF)  offer  a  good  tradeoff 58 
between estimation accuracy and computing burden for real applications.   59 
According  to  the accuracy and suitability  for different applications, different  types of battery 60 
performance  models  have  been  developed,  such  as  electrochemical  models,  statistically  based 61 
models,  and  electrical  models.  Electrochemical  models  are  conventional  models  that  use  the 62 
equations governing the electrochemical phenomena (chemical reactions) that occur in a battery cell 63 
[22,23].  The  implementation  of  these  models  requires  extended  knowledge  about  the  battery 64 
chemical, mechanical and electrical properties and thus they are more appropriate for battery design 65 
optimization process  than  for battery SOC estimation. Statistically based models  rely on machine 66 
learning methods,  such as, neural network, support vector machines; however,  large numbers of 67 
training samples are needed for guaranteeing its accuracy and robustness, which limits its usage in 68 
real  applications.  Electrical  models  have  a  simple  and  concise  structure,  using  simple  circuit 69 
components (e.g., resistors, capacitors etc.) for estimating the battery voltage [24‐26]. Furthermore, it 70 
is more  effective  for  implementing  the  battery  characteristics  to  a BMS  by  electrical model. The 71 
parameters  of  the  electrical  model  are  changing  under  different  conditions  of  SOC,  C‐rate, 72 
temperature,  and  aging.  Therefore,  in  this  paper  a  sensitivity  analysis  off  all  battery  physical 73 
parameters was performed,  in  order  to  observe  their  influence on  the  accuracy  of  the proposed 74 
equivalent  electrical  circuit model and  subsequently on  the accuracy of  the SOC  estimation. The 75 
aging dependency is not considered in this work. 76 
The remaining of this paper is organized as follows. The battery model is introduced in Section 77 
2. The identification of the parameters of the battery equivalent electrical circuit (EEC), which was 78 
carried  out  based  on  laboratory measurements  is  described  in  Section  3.  The  following  section 79 
presents  the  EKF methodology, which was  used  for  estimating  the  battery  SOC.  The  SOC  and 80 
voltage estimation accuracy of the EKF method is evaluated in Section 5. The last section evaluates 81 
the sensitivity of the battery SOC and voltage estimation on the changes of EEC parameters.   82 
2. Battery Model based on EEC parameterization 83 
The equivalent electric circuit (EEC) models are an effective approach to present the dynamic 84 
behavior of Li‐ion batteries. Depending on the application and the required accuracy, different types 85 
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of battery EEC models have been developed. The Rint model,  the  first order RC‐model, and  the 86 
second  order  RC‐model,  as  well  as  the  model  based  on  impedance  spectroscopy,  have  been 87 
proposed  for  predicting  the  battery  voltage  [24,  27].  In  this work,  the  dynamic  behavior  of  the 88 
LTO‐based battery was modeled using the second‐order RC‐equivalent circuit that is presented in 89 
Figure 1. 90 
 91 
Figure 1. Proposed equivalent electrical model 92 
On the left‐hand side, the capacitor Ccap and the current‐controlled source are used to model the 93 
capacity and the SOC of the battery cell. On the right‐hand side, the electrical circuit representation 94 
consists  of  a  controlled  voltage  source,  a  series  resistor,  and  two RC  networks.  The  resistor, R0 95 
represents  the  battery  ohmic  resistance,  and  it  is  responsible  for  the  instantaneous voltage drop 96 
during charging/discharging [28]. The parameters, R1, R2, C1, C2, are used to describe the transient 97 
behavior of the battery cell. The two parts are connected by the voltage source Voc(SOC), which  is 98 
used to model the OCV of the battery that is dependent on SOC.   99 
In  this  proposed  dynamic model  of  the  LTO‐based  battery  cell,  the  self‐discharge was  not 100 
considered, mainly because it does not affect the dynamic response of Li‐ion batteries. Meanwhile, 101 
the  terminal  voltage  of  the  proposed model,  Vbat, was  calculated  for  discharging  conditions  as 102 
follows: 103 
,  (1)
where VOC  represents  the open circuit voltage, V1 and V2  is  the voltage across R1C1 network, R2C2 104 
network,  respectively,  Ibat is  the  instantaneous battery  current, whose  sign  is  taken  to be positive 105 
when the battery is charging and negative during discharging. 106 
The battery SOC was defined according to the following mathematical relationship: 107 
,  (2)
where SOCi represents the initial SOC, Ccap is the is the nominal battery capacity. 108 
From Equation (2), it is noted that SOC calculation is based on the integration of current. The 109 
obtained SOC is used further as the reference SOC during the EKF estimation method. 110 
2.1. Experimental Set‐up 111 
This  research  work  was  carried  out  on  a  commercially  available  13  Ah  high‐power  LTO 112 
(Li4Ti5O12)‐based Li‐ion battery cell. The electrical and thermal parameters of this LTO‐based battery 113 
cell are summarized in Table 1. 114 
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During  the  experiments,  the  LTO‐based  Li‐ion  battery  cell  was  placed  in  a  temperature 115 
chamber, as illustrated in Figure 2. The temperature of the battery cell was monitored using a type‐K 116 
thermocouple; furthermore, the temperature values referred in this analysis are the ones measured 117 
on the surface of the LTO‐based Li‐ion battery cell. 118 
Table 1. Specification of the Li‐ion battery cell used in this study. 119 
Property Title 2
Nominal capacity  13 Ah 
Nominal voltage  2.26 V 
Voltage range  1.5 ‐ 2.9 V 
Current range  ±130 A 
Operating temperature range  ‐40oC to 55oC 
 120 
 121 
Figure 2. LTO‐based Li‐ion battery cell placed in a temperature chamber. 122 
2.2. Battery Capacity 123 
The  capacity  of  the  battery  is  influenced  by  the  C‐rate  and  temperatures.  Thus,  Figure  3 124 
illustrates  the  impact of  the C‐rate on  the voltage during  the  capacity measurements at 25oC  for 125 
different C‐rates.   126 
 127 
Figure 3. Voltage changes with discharging rates 128 
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2.3. Battery OCV 131 
Despite  the  linear model of  the LTO battery,  the static relationship between VOC and SOC  is 132 
intrinsically nonlinear [29]. SOC represents the amount of charge remained in the battery compared 133 
with  the  full capacity, and  the relationship between OCV and SOC  is a static characteristic of  the 134 
battery, which is not changing with the load profile, but changes with temperature and age.   135 
The nonlinearity of the model increases the complexity of the stability and performance analysis 136 
of the estimators [29]. To deal with this problem, a high order polynomial function  is  introduced. 137 
The quadratic optimization  is applied  to guarantee  the diminishing of OCV with  the decrease of 138 
SOC [30].   139 
 140 
Figure 4. The OCV‐SOC characteristic of the LTO‐based battery measured at T=25oC. 141 
 142 
Figure 5. The OCV‐SOC characteristic of the LTO‐based battery measured at different temperatures. 143 
The relationship between the SOC and OCV was determined by charging and discharging with 144 
0.5C (i.e. 6.5 A) the LTO‐based battery cell at different temperatures (5, 15, 25, 35, 45oC). Based on the 145 
OCV‐SOC  curves obtained  experimentally  for  the LTO‐based battery  (see Figure  4),  the  average 146 
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between the charge and discharge curves is taken as the relationship between OCV and SOC.    The 147 
average between charge and discharge of the OCV‐SOC characteristic at different temperatures  is 148 
presented  in  Figure  5.  Further  on,  the  average  of  OCV‐SOC  curves  was  approximated  by  a 149 
polynomial  function, as shown  in Equation  (3), where  the coefficients are given  in Table 2  for all 150 
considered  temperatures. The mean absolute error considering  the experimental results at 25oC  is 151 
0.0073 V, which proves the accuracy of the curve fitting method. 152 
∑ ,  (3)
Table 2. Polynomial approximation of the OCV‐SOC characteristic. 153 
Coefficient 
Title 3 
5oC  15oC 25oC 35oC  45oC
p0  2.1243  2.0301  1.8160  1.8778  1.860 
p1  0.1511  2.1737  7.9113  6.1879  6.667 
p2  7.3333  ‐1.365·101  ‐7.341·101  ‐5.680·101  ‐6.177·101 
p3  ‐8.047·101  3.177·101  3.455·102  2.689·102  2.947·102 
p4  3.784·102  3.906·101  ‐8.888·102  ‐7.004·102  ‐7.767·102 
p5  ‐9.307·103  ‐3.292·102  1.283·103  1.033·103  1.166·103 
p6  1.251·103  6.321·102  ‐1.0004·103  ‐8.355·102  ‐9.722·102 
p7  ‐8.693·102  ‐5.262·102  3.643·102  3.283·102  4.0437·102 
p8  2.439·10  1.648·102  ‐3.739·101  ‐4.279·101  ‐6.055·101 
Considering  the  equivalent  circuit  model  for  the  LTO  battery,  presented  in  Figure  1,  the 154 
state‐space equation can be written as given in Equation (4). 155 
0 0
0 0
0 0 0
∙ ∙ ,  (4)
In  this  equation,  the  SOC  of  the  battery  and  the  voltages  across  the  two RC  networks  are 156 
selected to be system state variable. The battery parameters which need to be estimated are R0, R1, C1, 157 
R2, and C2.   158 
3. Parameter Identification 159 
Apart from the OCV, the other parameters of the EEC (R0, R1, R2, C1, C2) have been estimated 160 
using  the  hybrid  pulse  power  characterization  (HPPC) method.  The HPPC  profile, which was 161 
applied  to  the  LTO‐based  battery  cell,  is  shown  in  Figure  6.  The  current  pulse  characterization 162 
method consists in applying a constant current pulse of a certain amplitude, ΔI to the battery and 163 
measuring the resulting change in the battery voltage, ΔV, either during and after the pulse. 164 
The parameters of the EEC have been identified for SOCs between 5% and 95% with a 5% SOC 165 
resolution. At each SOC, both charging and discharging current pulses of various amplitudes were 166 
applied. Based on the voltage response to a current pulse (see Figure 7), the parameters R0, R1, R2, C1, 167 
and C2 have been identified. 168 
When  there  is  a  sudden  change  in  the  current,  a  voltage  drop,  (ΔV0)  caused  by  the  ohmic 169 
polarization appears instantaneously; then the voltage drop completes the transient process with an 170 
exponential approximation until the voltage will return to a steady state value. Therefore, the ohmic 171 
resistance, R0, was determined according  to Equation  (5),  considering  that  the voltage before  the 172 
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current pulse changes is V0, the voltage at the end of the instantaneous voltage drop (i.e. after 0.1 173 
seconds) is V1. 174 
 175 
Figure 6. Current pulse and voltage profiles. 176 
 177 
Figure 7. Voltage response of LTO‐based Li‐ion battery cell for a 1C‐rate current pulse at 25oC. 178 
∆
∆
| |
,  (5)
In order to extract the parameters of the EEC, related to the battery transient response, Ri and Ci, 179 
which  are  responsible  for  the  fast  voltage  response  (first RC  network)  and  for  the  slow  voltage 180 
response (second RC network), the zero state response was employed: 181 
∙ 1 ⁄ ,  (6)
∙ , (7)
where τi represents  the  time constant of  the  first and second RC network, Ri and Ci represent  the 182 
resistance and the capacitance of the RC networks, i is 1 or 2 and corresponds to the first and second 183 
RC networks. 184 
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Figure 8 shows the results of the EEC parameters’ identification process (based on Equations (5) 185 
– (7)) that were obtained for different temperatures and various SOCs, when the discharging pulse 186 
case was considered. Similar results were obtained for the charging pulse case.   187 
As  it  can be observed  in Figure  8,  the ohmic  resistance, R0,  as well  as  resistances R1  and R2 188 
significantly decrease with the increase in temperature. Meanwhile, the capacitances, C1 and C2, are 189 
increasing with  the  increase  in  temperatures. Furthermore, all  five parameters are changing with 190 
SOC. These experimental results show dependence between battery parameters and the operating 191 
conditions and justify the need to analyze the sensitivity of the battery model to the changes in the 192 
parameters. 193 
 
(a) 
(b)  (c)
(d)  (e)
Figure 8. Variation of EEC parameters (a) R0; (b) R1; (c) C1; (d) R2; (e) C2 with SOC and temperature 194 
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  4. State‐of‐charge Estimation based on Extended Kalman Filter Method 195 
Kalman filters were firstly used in the area of aerospace. They are able to estimate the optimal 196 
state of a system on the basis of a series of data observed from the state space equation in the linear 197 
space. For the purpose of achieving the optimum states also in a nonlinear system, EKF is proposed. 198 
The  EKF  dynamically  linearizes  the  nonlinear model  at  the  working  point  by  a  Taylor  Series 199 
expansion. 200 
The battery state space function is also a nonlinear system, especially in the lower and higher 201 
SOC ranges.   202 
Considering the EEC presented in Figure 1, the battery model is expressed as follows: 203 
V V V V I ∙ R
I C ∙ C ∙ ,  (8)
First equation presented in the Equation (9), represents the battery voltage, Vbat. From Equation 204 
(9), we can obtain the state space function of the two RC model as follows: 205 
∙ ∙
∙ ∙ ,  (9)
where   206 
X
V
V
SOC
, A
∙
1 0 0
0
∙
1 0
0 0 1
,  B , 207 
C 1 1	 ，D R , ，Y U , . 208 
where T is the step time response. In this equation, the SOC of the battery and the voltages across the 209 
two RC circuit are selected to be system state variable. The EKF computes the Jacobian matrix from 210 
(9), then the matrix C is obtained. 211 
After establishing the state space equation, the steps for SOC estimation by EKF are  listed  in 212 
Table 2. 213 
Table 3. The process of EKF for SOC estimation. 214 
Prediction
State Prediction  | ∙ ∙  
Covariance Prediction  | ∙ ∙  
Update
Kalman Gain Matrix  | ∙ ∙ ∙ | ∙  
State Estimation  ∗ | ∙ ∙ ∙  
Covariance Estimation  ∙ ∙ |  
In Table 3, Q is the covariance of the process noise, W is the covariance of observation noise, 215 
and P is the error covariance. The initial values of the three covariance matrices should be set before 216 
the EKF estimation. After giving initial values, the EKF is capable of converging to the optimal SOC 217 
through the iterative process summarized in Table 3.  X |   and  P |   are the estimated state and 218 
covariance matrix,  respectively. Afterward,  the Kalman  filter gain  and  the  covariance matrix  are 219 
updated,  and  the  estimated  state  is  corrected  by  the updated  gain. The update  step utilizes  the 220 
information from the new measurement for improving the a posteriori state estimation. In this way, 221 
the  EKF  can  achieve  the  best  tradeoff  between  sensor measurement  and model  output  for  an 222 
accurate state estimation. The parameter  X∗   from Table 3, is the final state estimation of the EKF. 223 
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The structure of the EKF calculating steps is presented in Figure 9 a). The EKF is able to estimate the 224 
battery’s SOC on the basis of only the former state and the current measurement. Thus, it does not 225 
rely  on  the  battery  historical  data  and  has  a  much  higher  computation  efficiency.  Moreover, 226 
according to the closed structure of the EKF, the algorithm is insensitive to the initial SOC value. The 227 
flowchart of the EKF‐based SOC estimation is shown in Figure 9b). 228 
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Figure 9. (a) The structure for EKF calculation; (b) The schematic diagram of EKF on SOC estimation. 229 
5. State‐of‐charge Estimation Results 230 
The  SOC  of  the  LTO‐based  Li‐ion  battery  is  estimated  using  the  EKF  method,  which  is 231 
presented in Figure 9 b). The structure of the SOC estimation method is illustrated in Figure 10. The 232 
EKF utilizes the voltage measurement from the battery and the load current profile applied to the 233 
battery, in order to estimate the SOC. Then, in order to improve the accuracy of the battery model, 234 
the estimated SOC and  the battery  current are  substituted  into  the established battery model  for 235 
updating  parameter.  In  order  to  test  the  proposed  SOC  estimation method  for  the  LTO‐based 236 
battery, a step discharge profile was used. The considered battery cell was discharged, from a totally 237 
charged  state, with 6.5 A  (0.5C‐rate)  in  steps of 5% ΔSOC. During  the experiment,  the data  (i.e., 238 
current and voltage) were recorded with a sampling time of five seconds.   239 
EKF
Established 
Battery Model
I
SOC
Update parameters 
R1,R2,C1,C2
U
 240 
Figure 10. The structure of the SOC estimation method 241 
The result of the EKF based SOC estimation, for a temperature of 25°C is shown in Figure 11 a). 242 
Furthermore,  a  comparison  between  the  laboratory measured  battery  voltage  and  the  estimated 243 
battery voltage by the model  is presented in Figure 11 b). In order to test the SOC estimation, the 244 
initial SOC of the EKF method was arbitrarily set to 0.7 (70%) for further analysis in this paper. 245 
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(a)  (b) 
Figure 11.  (a) SOC estimation  results at 25oC when  the  initial SOC  is  set  to 70%;  (b) Comparison 246 
between measured and estimated voltage 25oC. 247 
Moreover,  Figure  12  a)  shows  a  discharged  pulse,  where  random  SOC  values  have  been 248 
assigned  to  initialized  the EKF estimation method. The  initial SOC used  in EKF method has been 249 
50%, 70%, and 100%, while  the SOC  reference  is actually 100%. The  results of  these experiments 250 
show that in the beginning there is a high error in the SOC estimation (50%, 30%), then the estimated 251 
SOC  converge  to  the  reference  (steady‐state  value)  after  an  acceptable  settling  time  (up  to  100 252 
seconds). Then the SOC stays with the reference, overlapping with very small errors. The error band 253 
of the SOC estimation method has to be between the ±2% [20, 31].    The obtained SOC estimation 254 
error, when the initial SOC for the EKF has been set 50, 70 and 100% are showed in Figure 12 b). 255 
(a) 
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Figure  12.  (a)  Experimental  results  of  EKF  method  at  25oC  considering  different  initial  SOC 256 
assignments (50%, 70%, 100%); (b) SOC estimation error curves at 25oC. 257 
Furthermore, the mean absolute error between the measured and estimated SOC and voltage 258 
profiles were computed according to Equation(10). The SOC and voltage estimation mean errors are 259 
summarized in Table 4. 260 
| |̅ ,  (10)
where xref represents the voltage measured, and the reference SOC, respectively and xest represents 261 
the modeled voltage, and the SOC estimated, respectively. 262 
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Using the proposed model based on the EKF, the SOC and voltage of the battery were estimated 263 
also  for  a  similar  discharge  profile  at  four  other  temperatures,  i.e.,  5°C,  15°C,  35°C,  45°C.  The 264 
obtained SOC and voltage estimation error are also summarized in Table 4. As it can be observed the 265 
proposed model estimates with very good accuracy both  the SOC and voltage of  the LTO‐based 266 
battery; the highest estimation error was 0.0144 V (at T = 45°C) for voltage and 1.16% (at 35°C) for 267 
SOC. 268 
Table 4. The accuracy of the battery model. 269 
Mean error 
Temperature
5°C  15°C  25°C  35°C  45°C 
SOC [%]  0.4440  0.8422  0.5437  1.1569  1.1422 
Voltage [V]  0.083  0.0087  0.0058  0.0172  0.0144 
6. Sensitivity Analysis of Estimated SOC and Battery Voltage 270 
The sensitivity, of the proposed SOC estimation model, on the parameters of the battery model, 271 
was also analyzed. As previously mentioned,  the parameters of  the EEC were obtained  for SOCs 272 
between 5% and 95% with 5% SOC  resolution.  In order  to perform  this sensitivity analysis, each 273 
parameter of the EEC was kept constant at a time (at the average value between the values obtained 274 
for each SOC at 0.5C), while  the other parameters were varying with  the SOC. This analysis was 275 
repeated for all the considered five temperatures. 276 
The obtained SOC and voltage estimation errors are summarized in Table 5. Furthermore, the 277 
measured  and  estimated  voltage  profiles,  for  the  sensitivity  analysis  performed  at  25°C,  are 278 
presented in Figure 13. In Table 5, the highlighted values represent the instances when the obtained 279 
errors for the case when the average for the parameter was used are higher than the errors for the 280 
case when the dependence on the SOC was considered.   Moreover, Figure 14 shows the obtained 281 
errors in terms of SOC and voltage, respectively, when the initial SOC of the EKF method is set to be 282 
70%. 283 
As one can observe, the SOC estimation is most sensitive with the changes in the values of the 284 
resistances and the capacitances of the RC‐networks, while the battery voltage is most sensitive to 285 
the capacitance, C1.   286 
Table 5. Sensitivity analysis of the error of the SOC and battery voltage. 287 
Condition  Mean error 
Temperature
5°C  15°C  25°C  35°C  45°C 
Ro constant 
SOC [%]  0.4463  0.8390  0.5420  1.543  1.1442 
Voltage [V]  0.0084  0.0088  0.0058  0.0172  0.0144 
R1 constant 
SOC [%]  0.5166  0.8457  0.5221  1.1738  1.1235 
Voltage [V]  0.0083  0.0086  0.0056  0.0017  0.0136 
C1 constant 
SOC [%]  0.8676  0.8675  0.5790  1.1561  1.2407 
Voltage [V]  0.0074  0.009  0.0085  0.0175  0.0161 
R2 constant 
SOC [%]  0.3637  0.8782  0.6101  1.1755  1.1459 
Voltage [V]  0.0086  0.0089  0.0068  0.0169  0.00136 
C2 constant 
SOC [%]  0.9623  0.8510  0.4341  1.1830  1.2193 
Voltage [V]  0.0077  0.0089  0.0054  0.0169  0.0153 
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However, by comparing the results summarized in Table 4 and Table 5, it can be concluded that 288 
generally,  the differences between  the  two cases are rather small. This behavior suggests  that  the 289 
variation of  the parameters of  the EEC with  the LTO‐based Li‐ion battery SOC has only a  small 290 
impact on the accuracy of the SOC and voltage estimation. From Table 5, one can see that the SOC 291 
estimation error is below the acceptable error (2%) in all the considered study cases. 292 
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(d) 
(e) 
Figure 13. Comparison between the measured and estimation SOC (left) and voltage (right) profiles 293 
obtained during  sensitivity analysis performed at 25oC  for:  (a) R0 constant;  (b) R1  constant;  (c) C1 294 
constant; (d) R2 constant; (e) C2 constant. 295 
 
(a) 
 
(b) 
Figure 14. Estimation error curves at 25oC obtained during sensitivity analysis in terms of: (a) SOC; 296 
(b) Voltage. 297 
Figure 14 illustrates the estimation errors obtained for SOC and battery voltage at 25oC. As 298 
it can be observed, only at the beginning, there is a high error (30%) due to the fact that initial 299 
SOC  of  the  EKF method  is  set  to  70%. After  estimated  SOC  converge  to  its  reference,  the 300 
estimated SOC stay close to the reference, overlapping with small errors in all the cases. From 301 
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Figure 14 a),  it  can be observed  that R2 and C2 are  the most  sensitive parameters, and  from 302 
Figure 14 b)  that C2 is  the most  sensitive parameter. For example, keeping  the parameter C2 303 
constant at its average value for the entire SOC interval will result in an increase in the voltage 304 
estimation error of about 10 mV in comparison with the case when C2 varies with SOC. 305 
7. Conclusions 306 
In  this paper,  a battery model‐based on EKF SOC  estimation  algorithm was developed and 307 
verified for an LTO‐based Li‐ion battery. A second order RC‐EEC was used to model the dynamics 308 
of the battery. The EEC was fully parameterized, based on extended laboratory measurements, by 309 
considering the variation of the circuit parameters with SOC, temperature, and C‐rate. Furthermore, 310 
in order to estimate the battery SOC using the EKF method, a polynomial function has been used in 311 
order to map the VOC‐SOC function and afterward used it for an optimal observer. 312 
The proposed SOC estimation algorithm based on the EKF method is able to converge very fast, 313 
in maximum 100 seconds, from  the  initial SOC used for  initialization  to  the reference SOC  that  is 314 
based  on  Coulomb  counting  with  known  initial  SOC.  Accurate  estimation  results  have  been 315 
obtained when  the SOC estimated by  the developed model was compared with a  reference SOC 316 
obtained using the Coulomb counting method for a step discharge profile; the mean absolute error 317 
varied between 0.444 % to 1.1422 %, depending on the temperature, which is well below the 2% SOC 318 
estimation error mentioned in literature. Moreover, with the developed model it was also possible to 319 
predict accurately the battery voltage with a mean absolute error below 0.02 V, independent of the 320 
considered temperature.   321 
By performing a sensitivity analysis, it was shown that the SOC estimation is most sensitive to 322 
the variation with the SOC of the parameters of the two RC networks, while the voltage estimation is 323 
most  sensitive  to  the  change  of  capacitance  C1 with  SOC;  nevertheless,  both  SOC  and  voltage 324 
estimation are only slightly dependent on the changes of the EEC parameters with the SOC. 325 
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Accelerated Lifetime Testing of High Power Lithium Titanate Oxide Batteries 
 
ABSTRACT 
This paper presents results obtained from extensive accelerated lifetime tests performed on a high power Lithium 
Titanate Oxide (LTO) battery cell. The tests were performed at elevated temperatures, with different C-rates, and for 
different cycle depths. The obtained results have shown a very good capacity retention and a reduced internal 
resistance increase (and subsequently reduced power capability decrease) even after more than 8000 cycles 
performed at 42.5°C. We found out that both the capacity and the internal resistance have been degrading faster 
when the LTO-based battery cells were cycled with a smaller C-rate (i.e., 1C) than with a higher C-rate (i.e., 3C). 
Moreover, from the results obtained so far, we discovered that the capacity and not the internal resistance is the 
performance parameter of the tested LTO-based battery cells, which will limit their lifetime. 
 
INTRODUCTION 
Since their market introduction in the 1990s, Lithium-ion (Li-ion) batteries have gradually become the key energy 
storage technology for various applications. Nowadays, Li-ion batteries have become the most promising technology 
for powering electric vehicles [1], [2]. Furthermore, Li-ion batteries energy storage systems are used in various 
renewable energy storage applications, such as grid frequency regulation [3], renewables’ grid integration [4] etc. 
This has become possible because Li-ion batteries are characterized by high gravimetric and volumetric energy 
density, high efficiency, high power capability during both charging and discharging, and long lifetime [5]. 
As discussed in [6], different Li-ion battery chemistries are available to the users. The vast majority of these 
chemistries are based on a graphite carbon anode and a lithium metal oxide (e.g., NMC, NCA etc.) cathode. 
However, these chemistries still raise different questions to the OEMs in terms of safety, cycle stability and 
performance at low and high temperature [2]. Thus, new electrode materials have been developed for Li-ion 
batteries in the past years. This is the case of the Lithium Titanate Oxide – Li4Ti5O12 (LTO), which represents a 
very appealing anode material. Even though characterized by lower energy density and lower nominal voltage (i.e., 
2.2-2.3 V) than traditional graphite-based Li-ion batteries, the LTO-based batteries have several advantages such as: 
increased safety, high cycling stability, high rate charge-discharge capability even at low temperatures, long 
lifetime, and no solid electrolyte interface formation [2], [7]. 
Different aspects regarding LTO-based batteries have been studied and are available in the literature. Most of these 
are related to their electrochemical performance improvement, while others are related to the understanding of their 
performance behavior [2], [8]. Nevertheless, there are very few studies, which focused on analyzing the degradation 
and lifetime behavior of the LTO-based battery chemistry. 
Therefore, in this paper, we evaluate the degradation behavior of a commercially available high power LTO-based 
battery cell by analyzing the results obtained from extensive lifetime tests. 
 
EXPERIMENT SET-UP 
LTO-based Battery Cell 
In this work, high power pouch-format Li-ion battery cells with a nominal voltage of 2.26 V and a nominal capacity 
of 13 Ah were used (Fig. 1); LTO and NMC are used as active materials for the anode and cathode, respectively. 
The main electro-thermal parameters of the tested LTO-based battery cell are summarized in Table I. 
 
Table I. Main performance parameters of the tested LTO-based battery cell 
Performance Parameters Nominal Values 
Nominal Voltage 2.26 V 
Discharge Cut-Off 
Voltage 
at -40°C to +30°C 1.5 V 
1.8 V at +30°C to +55°C 
Charge Cut-Off  
Voltage 
at -40°C to +30°C 2.8 V 
2.9 V at +30°C to +55°C 
Max. Continuous  
Charge/Discharge Current 
130 A (10C-rate) 
Pulse Charge/Discharge Current (10 s) 260 A 
Operating and Storage Temperature -40°C to +55°C 
 
 
 
Accelerated Cycle Lifetime Testing 
The LTO-based battery cells were subjected to extensive accelerated cycle lifetime tests at the conditions 
summarized in Table II. For all the cycle aging conditions presented in Table 2, an average SOC level of 50% was 
considered. Furthermore, the mentioned temperatures are the ones measured in the middle of the cell using a K-type 
100 thermocouple. Two LTO-based cells have been tested under the same conditions in order to eliminate any 
possible outliers and for statistical relevance. 
 
Table II. Accelerated cycle aging conditions and the corresponding number of cycles to which the LTO-based 
batteries were subjected (* FEC denotes one full equivalent cycle) 
 AGEING CONDITIONS NUMBER OF 
CYCLES TEST CASE Temperature Cycle depth Charging/ Discharging 
Current 
TEST CASE 1 50 °C 10 % 2C / 2C   6200 FEC* 
TEST CASE 2 50 °C 50 % 1C / 1C 3500 FEC 
TEST CASE 3 50 °C 50 % 2C / 2C 4500 FEC 
TEST CASE 4 42.5 °C 10 % 2C / 2C 7400 FEC 
TEST CASE 5 42.5 °C 30 % 2C / 2C 7000 FEC 
TEST CASE 6 42.5 °C 50 % 1C / 1C 4100 FEC 
TEST CASE 7 42.5 °C 50 % 2C / 2C 6000 FEC 
TEST CASE 8 42.5 °C 50 % 3C / 3C 8700 FEC 
 
The number of full equivalent cycles (FEC) to which the battery cells have been subjected at each individual 
condition is also presented in Table 2. The tests, which had been performed at conditions TC2 and TC3, were 
stopped after 3500 and 4500 FEC, respectively, as the battery achieved a very high degradation (as it will be shown 
in next section). 
 
Reference Performance Test Procedure 
In order to quantify the gradual degradation of the performance parameters of the tested LTO-based battery cells, the 
so-called reference performance tests (RPT) were performed regularly. In the beginning, RPTs were performed after 
each 100 FEC (i.e., when 2600 Ah went through the battery); however, due to a very slow degradation of the 
batteries, which had been initially observed, we decided to perform in the followings the RPTs with a resolution of 
200 FEC (i.e., 5200 Ah throughput). 
The RPTs were composed of a capacity test, internal 
resistance measurements, and electrochemical 
impedance spectroscopy (EIS) measurements. The 
battery capacity was determined for a current of 13 A 
(i.e., 1C-rate) following a standard charging – 
discharging procedure. The internal resistance of the 
battery was measured using the DC pulse technique at 
various state of charge (SOC) levels using the current 
train pulse profile illustrated in Fig. 2. During the first 
RPT, the resistance was measured at 90%, 70%, 50%, 
and 30% SOC, while during the second RPT, the 
resistance was measured at 80%, 60%, 40%, and 20% 
SOC; this succession was repeated throughout all the 
accelerated lifetime tests. The small-signal AC 
impedance of the battery was measured using the EIS 
technique following the same procedure as for the 
internal resistance measurements; 
 
Figure 2: Current train pulse profile for measuring 
the internal resistance of the LTO-based battery 
cells. 
 
 
RESULTS 
Capacity Fade 
In order to evaluate the capacity fade caused by cycle ageing of the LTO-based battery cells at the considered 
conditions (see Table II) and to analyze its dependence on the stress factors, the measured capacity during the ageing 
process was related to the capacity measured at beginning of life (BOL), according to (1) 
 [ ]% 100%actual
BOL
Capacity
Capacity
Capacity
= ⋅  (1) 
Where Capacityactual [Ah] represents the battery actual capacity measured during the RPTs and CapacityBOL [Ah] 
represents the battery capacity measured at the cells’ BOL. 
 
Influence of the C-rate. The influence of the C-rate on the capacity fade for the case when the LTO-based battery 
cells were cycled at 42.5°C is presented in Fig. 3. As one can observe, the capacity fade is accelerated by decreasing 
the cycling C-rate from 3C to 1C. A similar behavior was observed for the cells cycled at 50°C; the LTO-based cells 
lost 20% of their capacity after approximately 3000 FEC when cycled at 1C, while they were able to withstand more 
than 4000 FEC when cycled with 2C. Groot et al., have reported in [9], a similar dependence of the capacity fade on 
the cycling C-rate for a lithium iron phosphate battery.  
Furthermore, the same degradation behavior of the battery capacity can be noticed for all the five cycle aging cases 
presented in Fig. 3 and Fig. 4. The capacity fade evolution can be divided into three regions. Initially, an increase of 
the capacity of the LTO battery cells was noticed independently of the considered accelerated aging conditions. 
After reaching a maximum point, the capacity of the cells started to decreases slowly (region 2), until an inflection 
point was reached, from where a fast capacity fade behavior is observed (region 3). This inflection point (referred in 
literature as aging knee) suggests a change in the dominant aging mechanism of the tested LTO battery cells [10]. 
The results that are shown in Fig. 3 and Fig. 4 also suggest a very long lifetime for the tested LTO-based battery 
cells. For example, the batteries cycled with 3C at 42.5°C were able to perform more than 8000 FEC before reaching 
10% capacity fade. Moreover, by comparing the results obtained for 42.5°C (Fig. 3) and 50°C (Fig. 4), the effect of 
the temperature on the capacity fade is the one expected; the LTO-based cells were able to perform approximately 
1500 more FEC when cycled at 42.5°C than at 50°C when the same C-rate (i.e., 2C) was considered 
 
Influence of the cycle depth. The dependence of the capacity fade on the cycle depth is presented in Fig. 5 for the 
case when the battery cells were cycled at 42.5°C. In the beginning of the accelerated aging process, the cells cycled 
considering a 10% cycle depth have degraded faster than the cells cycled considering a 50% cycle depth. 
Nevertheless, after 3000 FEC, when the cells had reached less than 4% capacity fade, the aforementioned trend has 
reversed and an acceleration of the capacity fade with increasing the cycle depth is illustrated. This behavior is in 
good agreement with results presented in the literature for different Li-ion battery chemistries. Furthermore, the 
effect of the cycle depth on the capacity fade, which was observed for a cycling temperature of 42.5°C, is consistent 
with the capacity fade behavior observed for a cycling temperature of 50°C (see Fig. 6). 
 
Internal Resistance Increase 
For evaluating the increase of the internal resistance due to aging at the conditions summarized in Table II, the 
internal resistance measured for a discharging 1C-rate current pulse at 60% SOC was considered. The internal 
resistance increase, IR increase was obtained using (2). 
 [ ]% 100%actualincrease
BOL
IR
IR
IR
= ⋅  (2) 
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Figure 3: Capacity fade of LTO-based battery cells 
cycled at 42.5°C, 50% cycle depth, and different C-
rates. 
Figure 4: Capacity fade of LTO-based battery cells 
cycled at 50°C, 50% cycle depth, and different C-
rates. 
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Figure 5: Capacity fade of LTO-based battery cells 
cycled at 42.5°C with 2C-rate and different cycle 
depths. 
Figure 6: Capacity fade of LTO-based battery cells 
cycled at 50°C with 2C-rate and different cycle 
depths. 
 
Where IRactual [Ω] represents the battery internal resistance measured during the RPTs and IRBOL [Ω] represents the 
battery internal resistance measured at the cells’ BOL. 
 
Influence of the C-rate. The effect of the C-rate on the internal resistance increase for the LTO-based battery cells 
cycled at 42.5°C and 50°C are presented in Fig. 7 and Fig. 8, respectively. For both cases, higher cycling C-rates 
have resulted in a faster increase of the cells’ internal resistance; for example, for the LTO-based battery cells cycled 
at 42.5°C and a cycle depth of 50%, 15% internal resistance increase was achieved after 4000 FEC, 5500 FEC, and 
7000 FEC when cycled with 1C, 2C, and 3C, respectively. 
 
Influence of the cycle depth. The dependence of the internal resistance increase on the cycle depth obtained during 
cycling at 42.5°C and 50°C is shown in Fig. 9 and Fig. 10, respectively. As it can be observed in Fig. 9, a longer 
lifetime is expected if the LTO-based battery cell is cycled with larger cycle depths. Initially, the same degradation 
trend was observed for the cells cycled at 50°C as presented in Fig. 10; however, after the internal resistance has 
increased by 50%, the previously mentioned trend is reversed and cycling the cells with larger cycle depths resulted 
in a faster internal resistance increase. 
By analyzing the results presented in Fig. 7 – Fig. 10, one can conclude that the increase of the internal resistance of 
the LTO-based battery cells is rather limited for the considered cycle aging conditions. For the cells cycled at 
42.5°C, in only one case the internal resistance has increased by more than 20% even though up to 7000 FEC were 
performed. A 200% internal resistance increase, which is sometimes referred as the battery end of life criterion from 
resistance perspective [11], was reached only by the cells cycled at 50°C and 50% cycle depth (Fig. 8); however, 
this has happened only after more than 3000 FEC, time in which the capacity of the same LTO-based battery cells 
has already faded with more than 20% (see Fig. 4). 
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Figure 7: Internal resistance increase of LTO-based 
battery cells cycled at 42.5°C, 50% cycle depth, and 
different C-rates. 
Figure 8: Internal resistance increase of LTO-based 
battery cells cycled at 50°C, 50% cycle depth, and 
different C-rates. 
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Figure 9: Internal resistance increase of LTO-based 
battery cells cycled at 42.5°C with 2C-rate and 
different cycle depths. 
Figure 10: Internal resistance increase of LTO-based 
battery cells cycled at 50°C with 2C-rate and 
different cycle depths. 
 
CONCLUSIONS and FUTURE WORK 
In this abstract, results obtained from accelerated cycling aging tests of high-power LTO-based Li-ion battery cells 
were presented. The degradation behavior of battery cells was assessed from both capacity fade and internal 
resistance increase perspectives. The obtained aging results have shown an unexpected dependence of the battery 
capacity fade on the cycling C-rate; namely, the capacity fade has been accelerated by decreasing the cycling C-rate. 
Nevertheless, these results are consistent with the results obtained for the internal resistance, which show also a 
faster degradation, when the cycling C-rate is decreased gradually from 3C to 1C. 
Even though tested at high temperatures, above 40°C, the tested battery cells have shown a very slow degradation, 
being able to withstand up to 8000 FEC without losing more than 10% of their capacity and an increase of 50% in 
the internal resistance, which are well below the EOL criterions considered in nowadays applications. 
In the final version of the paper, the presented degradation behavior will be updated with the latest obtained 
accelerated cycling aging results. Furthermore, based on the results obtained regarding the internal resistance 
increase, the decrease of the battery power capability will be investigated. 
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